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Abstract

Multi-robot applications have been widely developed recently with a cooperative
method adaptive to critical environments. For applications of the rescue robot, the distributed
wireless sensor network is developed in this study and its position is determined by applying
the Zigbee wireless localization. Then, with fusion on multiple visions, the target position can
be thus estimated accurately. The present chain-type robots present the feature of multi-DOF
with excellent capability of conquering the complex terrain. In order to realize the circuit



system in limited space, the present research has developed the sensorless technology for the
chain-type rescue robot to travel through a winding-tunnel terrain.

Keywords: cooperation, localization, rescue robot, multi-signal mapping
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ABSTRACT

Abuilt-in received signal strength indicator (RSSI) is conveniently adopted to estimate the location of a mobile
robot by applying the trilateration algorithm. However, the estimated RSSI is seriously affected by both the
multi-path effect and the antenna orientation of wireless sensor networks, and this generally leads to
unreliable estimation results. This paper proposes the technique of applying particle filter to effectively
reduce estimation error. Experimental results indicate that the present localization accuracy significantly
improved by 73.9% compared with those obtained by applying the Kalman filter.

1. INTRODUCTION

Wireless sensor network (WSN) has become popular especially in localization techniques mainly due to their
advantages of being low in cost and power consumption. Several successful methods in determining targets in
distance have already been proposed. They are categorized as: (i) range-based localization and (ii) range-free
based localization. There are four general types in the range-based localization, and these are briefly described as:
(i) TOA, which utilizes the time tag to calculate the time of fly to obtain distance; (ii) TDOA, which calculates the
time difference between two different time tags to obtain the time of fly [1]; (iii) AoA, which sets up a set of
antenna arrays to receive the arrival signal and calculate the target position by triangulation [2]; and (vi) RSSI,
which transfers received signal strength to distance and calculates the target position by trilateration. Among the
four available methods, RSSI is the simplest and most convenient method because it is easy to implement and does
not need additional hardware [3]. However, RSSI-based localization renders unreliable results because RSSI is
affected heavily by both the multi-path effect and antenna orientation of wireless systems [4, 5].

In recent years, Bayesian-based localization approaches have been widely discussed for mobile robot
localization [8-11]. The particle filter, which is based on the Bayesian recursive filtering, is also a powerful signal
processing technique for low S/N signals. It generates a set of particles to approximate system states, from which
the state with the highest possibility is then determined [12, 13]. This paper proposes the application and
implementation of particle filter on mobile robots with the fusion technique to significantly reduce the effects of
multi-path and antenna orientation and, generate reliable localization results.

2. RSSI MODELING

2.1. TRILATERATION LOCALIZATION

The mobile robot used in this study was mounted on a mesh-based topology for the 802.15.4 ZigBee sensor
network. A built-in received signal strength indicator was adopted to estimate the location of the mobile robot by
applying the trilateration algorithm. The trilateration algorithm in general requires three reference nodes; however,
the undesirable estimation results in the present implementation can be filtered by applying the logic judgment.
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Therefore, only two reference nodes were required for localization as shown in Figure 1. The ZigBee modules
used in this research were SmartRF04 and CC2430DB as shown in Figures 2 and 3, respectively. The SmartRF04
was used as a reference node, and CC2430DB was mounted on the mobile robot as a separate moving node.

AL ROBOT

Figure 2: SmartRF04 Figure 3: CC2430DB

2.2. THE ANTENNA ORIENTATION EFFECT

The SmartRFO04 presents varied RSSI with different antenna orientations, and corresponding variation is even
worse when CC2430DB is used. An obstacle-free indoor environment was set up to verify the antenna orientation
effect, and the SmartRFO04 was used as a receiver. The CC2430DB was used as a sender with a distance of 1 m
between the two nodes. The signal strength was then measured with the changing antenna orientations from 0, 90,
180 and 270 degrees, as shown in Figure 4. The averaged results from 1000 trials in each direction were recorded
and their histogram results are shown in Figure 5.

Figure 4: Different antenna orientations of SmartRF04
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Figure 5: Histogram on four orientations

RSSI, theoretically, should be -45 dbm at a distance of 1 m. The orientations both in 0 and 270 degrees are
similar to the theoretical values, but those in 90 and 180 degrees present a relatively large error (Figure 5). The
SmartRF04, with the same setup environment, also then becomes a sender, and CC2430DB becomes a receiver in
test. Measurements generated from 1000 trials were also recorded and results indicate that the antenna orientation
seriously affects RSSI.

2.3. SIGNAL FADING MODEL

RSSI is defined as a function of the transmitted power and the distance, between the sender and the receiver
[14]. The received signal strength decreases with increasing distance as expressed in the following formula:

RSSI =—(10-n-log;o D + A) 1)

210°
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where n is signal propagation constant, also named the propagation exponent; D is the distance from the sender;
and A is the received signal strength at a distance of 1 m.

Experiments to estimate RSSI were conducted in an indoor obstacle-free environment. Both the SmartRF04
and CC2430DB sent a test package to record RSSI 10000 times with a fixed antenna orientation. The histogram
results shown in Figure 5 indicate that almost all estimated RSSI are close to -45dbm as the distance approaches 1
m. The parameter A was then determined as -45, and the parameter n was determined by the averaged RSSI at
different distances. Results shown in Figure 6 indicate that with the model n=3.5, the experimental results are
consistent with the theoretical results.

—===n=3.5
—&— measurement mean

RSSI
4
S

I . . . .
0 5 10 15 20 25 30
distance (m)

Figure 6: The RSSI model with the n = 3.5

3. THE IMPLEMENTATION OF THE PARTICLE FILTER AND SENSOR FUSION

3.1. PRINCIPLE OF THE PARTICLE FILTER

Both the information on electronic compass and the current state of the robot are also included with the
RSSI-based localization; this is because the target node obtained simply from the RSSI-based localization renders
primary and unreliable estimation results only [15].The state-space equation is given by:

X, = &X(%,_1,V, ;) and 2
Zk:hk(xk’uk)' ®)
where

Xy IS the state vector at time instant k ;
Z« is the observations at time instant k;
f, is the state transition function;

hy is the observation function;

Vy is the process noise;

Uy is the observation noise.

The particle filter is based on the Bayesian recursive filtering which uses a set of particles to approximate the
system state [12, 13]. Each particle expresses a possible state space, and the weight of each particle expresses the
truest of each particle as shown in (4) and (5) as

X|i< = fx(xli(—l’vk—l) (4)
{Xoi Wi K 5)
where

{x!,,i =1,.....N} is the number of particle;
Xor =1X}» § = 0,.....,k} is the set of state till time instant k ; and

w, is the weight of each particle.

The posterior probability p(x,, |z, ) at time instant k can be approximated as:
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N . .
P(Xoy | Zy) = ZWLé‘(Xo;k — Xox) (6)

i=1

Its expectation value can be approximated as a weighted average:
E(90%)) = [ 90%4) POt | 22 ) )
The expectation in the discrete-time system can be rewritten as:
N - .
E(9(Xox)) = ZWLQ(X;):k) )
i=1

By applying the assumption of the first-order hidden Markov process, the weight of important sampling can be
expressed as:

P(Z, | %) POG | 1)
0% [%c1020)

W oc Wy )

3.2. DESIGN OF THE PARTICLE FILTER FOR THE MOBILE ROBOT

The design flow of the particle filter can be considered as four steps:

Step 1. Particle generation. This phase involves the generation of N random particles expressing possible
positions near the initial position of the robot. The weight of each particle expresses the possibility of true position
as shown in Figure 7.

Step 2: Particle prediction. Each particle will predict its next position according to the motion model of the robot
(Figure 8), and are derived through the following:

G S o]

11)

V'=V max—w(t)
6'=60+v(t) (12)

where Vmax is 0.0425 m/s, which is the maximum velocity of the robot; ¢ is the orientation of the robot obtained
from the electronic compass; and w(t) and v(t) are noise.

L A 9/’0@

/ / - ?/
.‘. .‘* p 7 o

Y

Figure 7: The particle generation Figure 8: The Prediction

Step 3: Sampling and weight computation. The sensing data from environments were also obtained as the
localization information for processing RSSI when each particle predicted its next position according to the
motion model. The weighting function can be designed as the difference between the prediction position of
particles and the RSSI-based localization results if the latter is accurate to a certain extent (Figure 9). The
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following formula for the weighting function is used:
1

W=——
distance . (13)

where the distance is the difference between the prediction position of particle and the RSSI based localization
result.

0.8

Measurement likelihood
o o o o o o
N w o o N

o
o

0 .  E——
[ 0.2 0.4 0.6 0.8 1 1.2 1.4
distance

Figure 9: The distance weighting function

However, RSSI-based localization provides incorrect estimation results mainly because of the multi-path and the
antenna orientation effects. Three physical constraints were considered here to filter incorrect localization results,
and the most possible particle can then be found as the maximum velocity, angular velocity, and current state of
the robot as detailed below.

a) The maximum velocity of the mobile robot. This is because localization results should fulfill the
continuity in motion considering the maximum velocity of the mobile robot. Therefore, some
localization results will be eliminated if the estimated motion is unreasonable. The weighting function
is designed as the difference between the current velocity of the particle and the maximum velocity of
the mobile robot (Figure 10) as expressed by:

1 (14)
Vmax-V'

where Vmax and V 'represent the maximum and current velocities of the robot, respectively.
b) The angular velocity of the robot. Unreasonable localization information on angle difference will be

neglected, in consideration of the angular velocity of the robot and orientation obtained from electronic
compass. As shown in Figure 11, the weighting function can be determined as by:

Hp = 4(ka Pk—l) (15)
AO=16, -6, [ (16)
1
IAG-0,0 )
where

P, is the current position from RSSI based localization result;
9p is the difference between current localization result and previous result;
@, is the orientation of each particle; and

AQ is the difference between current orientation and previous orientation.

c) The current state of the robot. The antenna orientation will change when the robot rotates. The
information on the current state of the robot will then be useful in filtering out incorrect estimation
results from RSS! in order to reduce the antenna orientation effect. Three states are described below:

® Stop: Any localization error increases or position change leads to wrong RSSI estimation if the current
state is stop.

® Forward or backward: Localization results should not change dramatically unless RSSI results are
unreliable when the robot moves forward or backward.

® Rotation: When the robot rotates, the antenna orientation will also change. Otherwise, RSSI provides
unreliable information.
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The compensation method inverse to the current position of the RSSI value and compares the difference
between the RSSI obtained from ZigBee as:

RSSI "= RSSI —bias . (18)
The final weighting function can be described by applying the assumption of first-order hidden Markov
system as:

Wi = W1 P(Z 1% P(X 1 X 1) (19)
where

P(x, | x,_,) is the probability of current state transfers to next state, compose by velocity weight
function and angular velocity weighting function;
P(z, | x,) is the probability of observation obtained at the current state; and
w,_, is the previous weight.
The weight of each particle is normalized as:
- w!'
W = i
Zi:lwk .

The estimated position is the expectation value of all possible particles and is derived as:
M
E(Xk | Zl:k) = Z X1I<Wll< (21)
i=1

Step 4: Resampling. This step will generate new particles according to the weight. It adds noise to keep the
diversity of particles and, in the process, prevent the converging of all particles to one particle.

0.

(20)

25

B N
« o

Transmission Probability
o
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o

Transmission Protability

@

0 " . . . . . . ° . . n n —
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Speed Angle

Figure 10: The velocity weighting function Figure 11: Angular velocity weighting function

4, EXPERIMENTAL RESULTS

The DSP microcontroller TI DSP 2812 was developed as the core of a multi-axis DC motor driver circuit
combined with peripheral circuits particularly for the present chain-type robot motion. The distance between two
reference nodes was 2 m, and the origin of the coordinates was the left reference node in the indoor obstacle-free
environment. The robot began to move from position (1, 1) and recoded the localization error in four orientations,
namely, 0, 90, 180 and 270 degrees, at each position. The particle number was 50. The circular points shown in
Figure 12 show the positions where the robot will pass by.

The results applying the proposed particle filter fusion technique were compared with those applying the
Kalman filter [16]. The localization results at each orientation by the proposed particle filter are significantly
better than those generated when only the Kalman filter is applied (Figure 13). The localization failed particularly
at 180 and 270 degrees, when either the Kalman filter or the uncompensated case is applied, respectively. Thus,
the antenna orientation effects cannot be solved as shown in Figure 13. The results also indicate that the
probability within 1 m is 27% for the uncompensated case, 35% for the Kalman filter, and 100% for the proposed
particle filter, respectively. The summarized maximum average error in Table 1 also indicates that the estimation
error decreases from 2.3982 to 0.5227 m by applying the proposed approach, representing a 73.9% improvement.
The continuous motion trajectory shown in Figures 14 and 15 indicates that the proposed approach achieves
reliable results for the RSSI-based localization.
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Figure 12: The experimental environment and trajectory

Table 1: Comparison of localization error

Error(m) | uncompensated (m) | Kalman Filter (m) Particle Filter (m) Improvement (%)
AVG. 1.5080 1.5193 0.3665 73.9443%
1 »- g 4- 4 ]
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Figure 15: The estimated robot trajectory by applying the particle filter
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5. CONCLUSION

The measured RSSI varies when the antenna orientation is different even when the position is the same. The
relative position between the target and reference nodes also plays an important role in achieving reliable results
when applying the RSSI-based localization. Results further indicate that the localization error becomes smaller
when the target node is between the two reference nodes. The particle filter used with fusion technique
significantly reduced the effects of both multi-path and antenna orientation. Compared with the results produced
when applying the Kalman filter only, the localization accuracy significantly improved by 73.9% when the
proposed particle filter fusion technique is applied. Experimental results for the robot motion with a square
contouring trajectory further indicate that the proposed method can reliably estimate real robot motion simply
with the RSSI obtained from the ZigBee system.

Demo video website: http://lab816.cn.nctu.edu.tw/Demo/Demo Video.htm .
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