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ABSTRACT

Wireless Sensor Network monitors the environment in real-time by continuously collecting data from sensor
nodes and sending it to the sync. Sensors have limited resources, so it is important to use energy efficiently.
In addition, object tracking accuracy is also an important requirement when object tracking is performed in
wireless sensor networks. To satisfy both at a high level, this paper proposes to dynamically switch sensing
modes by predicting future movements of objects. Once the sensor nodes have synchronized sensing data to
define the current state of object speed and direction. We use Q-learning to put it into a wake-up mode that
temporarily leaves the optimal sensor region for each state on. Through simulations, we confirm that the

proposed method increases energy efficiency with certain levels of accuracy satisfied.
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Pseudo-Code for decayed epsilon greedy

1 Ernrestota= €ena | (Estare — €end) o
J/ Cunresnora denotes Bounday value that determines two methods with optimal action
for i-1toM // M denotes the number of tasks to be scheduled
random =rand()  // random number extraction

1f random > emrestotq then

2

3

p

E select action corresponding to max Q
2 else

Kt select action at random

8 endif

9

end for

2] 3. decayed epsilon greedy =4
Fig. 3. decayed epsilon greedy pseudo code
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Type Comparison Content
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type Dead-reckoning Kalman filter
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. . position estimation
Object Location

in the next position estimation.

Estimation Based
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Excellent prediction performance

.. TOS . . L
Minimum Area P to implement (appropriate for linearity)
Selection . . . .
cons When the movement of the object is nonlinear, prediction error increases,
then it causes a poor detection accuracy.
complexity | Simplicity Covariance estimation
method Dynamically select the active area by learning through rewards received from the
environment
Reinforcement - - . -
Learning Based pros Select an appropriate active area considering the movement of the object
Dynamic Area cons In online learning, This method requires sufficient time to converge.
Selection
. Unlike other methods, it requires additionally some simple computations for
complexity
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