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For the sensor failure state, we can write the belief functions as
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where are as described in Sec. 1.
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probability mass functions are given as
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where

MAS 08.4 Accomplishments

In a real system, each sensor has a separate processing unit, so the complexity of the whole system is well
distributed. To practically simulate the entire sensor suite, we will use particle filtering approach using the
sequential importance resampling method.

The region of interest (ROI) is a 200 x 200 square meter with 100 sensors deployed on a uniform grid. For

d,=1
reference, we place the axis (O’ 0) at the center of the ROI. The target, when measured at ~ © meter, emits a
—_ 2
signal with power intensity of PO 800 . The noise variance for each sensor is 0~ = 0.4 ,and the T s set to

1.6 other parameters are given as a=1p=092p,=02,f,(v)~N(@O1)

Let’s consider a scenario where a target repeatedly pass through the same path. When all sensors behave normally,
the system is able to track the target properly (e.g. Fig. 1). If some sensors in the proximity of the path fail, the
estimate can be very erroneous (e.g. Fig. 2). Normal non-transmitting sensors carry inherent information that the
target is far from its position. Hence, when a nearby sensor fails to transmit, the estimate becomes inaccurate. If
the sensor failure detection is employed, the system can avoid large errors by tagging sensors that might be failing.
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Fig. 1. All sensors behave normally Fig. 2. Undetected sensor failures that cause erroneous

tracking results

The effect of automatic sensor failure detection can be seen in Fig. 3(a). After the failed sensors are tagged, future
tracking efforts can use only the remaining sensors as seen in Fig. 3(b).

Sometimes, the target stops emitting its signal or purposefully hides its presence from the sensors. The analysis on
target’s behavior is beyond the scope of this work at this point; however, we still want to detect if this event occurs.
In Fig. 4, the system begins to track a target that suddenly disappear. Four time instants later, a target appears at a
different starting point. Note that the second trace can be a different target from the first. Notice also that sensors
that are mistakenly tagged as failing does not degrade much of the system performance. Once a tagged sensor
sends information, the system can immediately use it and simultaneously lift the tag off the sensor. Information is
lost only if a working sensor does not send the data due to thresholding, though it is often a negligible amount.
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Fig. 3. Tracking behavior with automatic sensor failure Fig. 4. Tracking appearing and disappearing
detection scheme. (a) Unknown sensor failures (b) Known target. (a) Position tracking (b) Number of
sensor failures sources

MAS 08.5 Future Directions

Simultaneous randomness in the number of targets and sensors along with their geo-kinematic information can be
modeled methodically using the RFST method. This modeling system allows a systematic derivation of densities
that can be analyzed using Bayesian recursive prediction-filter methodologies. The simulation results have
exemplified the importance of sensor failure detection in a real system. When failed sensors incorrectly interpreted
as non-reporting working sensor, the tracking estimates show severe degradation. Once the sensor failure
detection is operating, the system can quickly avoid large errors by tagging sensor that might be failing. Future
targets can then be tracked correctly based on the remaining active sensors. A randomly missing target can also be
detected using the same scheme. We also have shown that the system can track the number of targets and
simultaneously estimate the geo-kinematic information of the target within the ROI.
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In this year, we have demonstrated explicitly by analysis and simulation the advantage of using RFST method to
perform joint optimum detection, localization, and tracking when the number of targets and number of sensors
can be randomly changing. In the coming year, we will work with real-life data to verify the advantage of the RFST
approach over standard ad hoc approaches.

MAS 08.6 External Research Partnerships

e K. Yao, Co-P.I.,, NSF: “Arrays for Acoustic Monitoring of Bird Behavior and Diversity” (P.l.: C.E. Taylor),
10/1/04-9/30/09. (Current)

¢ K. Yao, Co-P.l., NSF-IDBR, “HearNet—A Deployable Bioacoustic Sensor Network,” (P.l.: D. Blumstein),
3/1/08-2/28/11. (Current)
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