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ABSTRACT

The use of wireless RSSIs to detect animal theft in
an outdoor environment is evaluated. Using simula-
tion experiments, three multilateration techniques for
localization are looked at and compared in terms of
how accurate they are at detecting things. The last
technique is proposed because it requires less computing
power. More specifically, the first two techniques are
based on setting up an overdetermined set of linear
equations with three and two location-related variables,
respectively. The proposed technique is the two-variable
method simplified when anchor nodes are arranged as
a rectangular grid. The investigation of anchor node
locations for multilateration is next considered. Finally,
a limited motion condition is proposed to reduce the
effects of noise in RSSI values on the detection accuracies.
Numerical results indicate a trade-off between detection
performance improvement and time delay in alarm
generation.

Keywords: Wireless Transmission, RSSI, Multilater-
ation, Detection, Simulation Experiment, Performance
Evaluation, Performance Improvement

1. INTRODUCTION

Animal thefts, including cattle rustling, are common
problems in developing countries that can be mitigated
by the use of wireless transmission technologies [1-3].
To help reduce the number of thefts, different types of
wireless systems have been used to help locate animals
in real time, including the Global Positioning System
(GPS) [1], Radio-Frequency IDentification (RFID) [4],
Low Power Wide Area Network (LPWAN), including
LoRa [2, 3, 5, 6], Sigfox [6-7], and Narrow-Band IoT
(NB-IoT) [8].

Using real-time animal localization based on wireless
signals, several Internet-of-Things (IoT) systems have
been developed to monitor animal locations, analyze
their behaviors, and send notifications when abnormal
events, including animal thefts, occur 2, 7, 9-11]. While
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some researchers developed their own IoT platforms,
others utilized available platforms such as LoRaWAN [2]
and Sigfox [7].

For localization, GPS modules can be used outdoors
with sufficient accuracy. However, their costs and
relatively high energy consumption motivate researchers
to consider alternative solutions [12-14]. LPWAN-
based wireless transmissions are attractive for outdoor
localization due to their long transmission ranges, low
power consumption, and, in several cases, no spectrum
license fees [2, 3, 5, 8, 15]. It is worth noting that, while
battery lifetimes of GPS-based devices are a few days
from hardware experiments [12—14], battery lifetimes of
LPWAN-based devices are targeted to be several years
[15].

Among several alternative LPWAN technologies,
LoRa has been adopted and investigated by a number
of researchers [2, 3, 5, 6, 16-19]. LoRa Received
Signal Strength Indicator (RSSI) values have been used
for localization but with limited accuracies [6, 16—18].
More recently, in [19], data processing algorithms were
proposed to improve the accuracies to be comparable
to those of GPS. The approach in [19] is to ignore
RSSI readings from some anchor nodes when the values
appear to be inconsistent with the estimated transmitter
location without them.

Besides LoRa signals, localization based on RSSI
values from other LPWAN signals has been investigated,
including Sigfox signals [6] and NB-IoT signals [8]. Most
RSSI-based localization techniques can be categorized
into two approaches. The first approach is based on
fingerprinting, e.g., [6, 10, 17], where RSSI values at a
large number of reference locations are collected and
kept in a database to be used later for real-time localiza-
tion. The second approach is based on multilateration,
e.g., [18-19], where the RSSI values are assumed to
follow a distance-dependent path loss model created from
receive power measurements. The RSSI values are then
used to estimate the distances from transmitting anchor
nodes, which can then be used to estimate the receiver’s
location.

While existing works on wireless RSSI-based animal
monitoring focus on minimizing the average distance
error in localization, this work focuses on the perfor-
mance evaluation of animal theft detection in terms
of detection accuracies, where detection is based on
checking whether or not the animal of interest is outside
the fences. Using simulation experiments based on
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a path loss model and additive white Gaussian noise
(AWGN) in RSSI values, three RSSI-based multilateration
techniques are compared, with the first two being
known, e.g., as used in [18-19], and the last one being
proposed to reduce the computational complexity for
implementation on low-cost devices. In particular, the
first two techniques, which will be referred to as three-
variable and two-variable methods, are based on setting
up an overdetermined set of linear equations with three
and two variables, respectively. These sets of equations
are then solved to minimize the mean square errors.
The proposed technique, referred to as the rectangular
grid method, is the two-variable method simplified when
anchor nodes are arranged as a rectangular grid. The
effects of anchor node locations on detection accuracy
are next investigated. Finally, to reduce the effects of
noise on RSSI values, a limited animal movement condi-
tion is proposed and demonstrated to increase detection
accuracies, but with a trade-off between accuracy and
time delay.

The remaining sections are as follows: Section 2
describes the system model. Section 3 presents three
multilateration techniques for RSSI-based localization.
A performance evaluation of RSSI-based animal theft
detection is presented in Section 4. Section 5 presents
a limited animal motion condition for detection per-
formance improvement and demonstrates a trade-off
between accuracy and time delay in detection. Finally,
Section 6 summarizes the work.

2. SYSTEM MODEL

Consider wireless transmissions of data signals. As-
sume that the RSSI value R (in dBm) associated with the
transmission distance d (in m) is given by

R=Ry—- 10ylog10di0 + Z, (1)

where d) is the reference distance, R is the RSSI value
at distance d,y, y is the loss exponent, and Z is an AWGN
term modeled as a Gaussian random variable with mean
0 and variance 6.

From RSSI R, we can estimate d by assuming zero
error, e.g., as in [18-19], yielding the estimated transmis-

sion distance.
Rp—-R

d =dy10710 (2)

Consider N anchor nodes transmitting data packets
repeatedly, e.g., every 5 s, to a receiver unit attached to
the animal of interest. The receiver unit may be imple-
mented using a microcontroller such as an Arduino or
NodeMCU module, which typically has limited memory
space and computational power. The animal location can
be estimated from the RSSI values associated with the N
anchor nodes using one of the multilateration techniques
to be discussed in the next section. Fig. 1 illustrates an
example scenario with four anchor nodes.

Let p, = (x,,,¥,), where n € {1,..., N}, denote the
location of anchor node n. Let py = (xg, yo) denote the

TX1 TX2
RX
O | P
TX3 X4
O |

Fig. 1: Example scenario with anchor nodes arranged as
a 2x2 grid and denoted by TX1, TX2, TX3, and TX4. The
receiver attached to the animal of interest is denoted by RX.

animal’s location. Let R, denote the RSSI value of the

signal received from anchor node n. With respect to Eq.
Ry—R,

(2), let cfn = dOIO()lTY be the estimated transmission

distance be based on R,,.

From d, ... ,dy, multilateration yields the estimated
animal location denoted by p,. The details of how Py is
obtained from d, ..., d y are given in the next section for
each multilateration method. If the fence area that keeps
the animal of interest is denoted by A, then the system
detects an animal theft whenever p,& A.

3. MULTILATERATION TECHNIQUES FOR LOCA-
TION ESTIMATION

3.1 Three-Variable Method

This method is widely used, e.g., [19], and is based
on setting up an overdetermined set of equations from
which the Minimum Mean Square Error (MMSE) estimate
of py = (x, ¥g) can be obtained.

More specifically, from the estimated distance d,, with
respect to anchor node n, we can write

(xo = x,)* + (g = ¥,)* = dy, (3)
which can be written as
Xg = 2X0X, + X+ Vo — oy + v =dp, (@)
or equivalently
~2x,%0 = ¥y + (g + 35) = dy = Gy + 37 ()

From the N anchor nodes, we obtain an overdetermined
set of N equations shown below.

—2x1X — 2y, ¥y + (x5 + ¥3) = di — (x] + y])

—2XNXo = 2¥N Yo+ (xg 4 ¥3) = day — (x5 +¥A) (6)

The system of equations in Eq. (6) can be written

compactly as Ax = b with
—2x; 2y; 1
A= : : 2,
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X0
X= zyo > |
Xo Y
d? = (3 +y%)
b= : . (7)
) 2 2
dy —(xy +yy)
From this overdetermined system of equations, the
MMSE estimate of x is [19].
-1
%= (ATA)" ATb. (®)
From the first two components of X, we can obtain the
estimate P = (X, Jp)-
3.2 Two-Variable Method

This method is also widely used, e.g., [18]. Similar to
the first technique, with respect to anchor node n, we
obtain Eq. (5), which is repeated below for convenience.

=2x,%) = 2y, ¥ + (X5 + ¥p) = dy = (x; + 7)
Rearranging terms yields
2x,%0 +2y,50 = x(z) + yé +x2 4+ y2 - d2. 9)

From the N anchor nodes, we obtain the overdetermined
set of N equations shown below.

_ 2 2 2,2 2
2x1x0+2y1y0—x0+y0+x1 + ¥y —d1

(10)

Subtracting the first equation from each of the remaining
equations yields N — 1 equations.’

_ 2 2 2 2 )
2xNXg +2YN Yo —x0+y0+xN+yN—dN

2(xy = x1)xg +2(y, = ¥y =

2 A2
(3 +y3) = (x} +y}) = (dy=d})

2xy —x)xg +2(yy =YYy =
2 2
(x% +93) = (3 + D) = (dy—d) (11)

The system of equations can be written compactly as
Apy = b with

2y, = y1)

2(XZ - xl)
A= :

)

2y —x1) 20y —3)

(3499 = (3 + ¥ - (dy=d))

b= : (12)

o + 930 = &+ 9D = dy—d))

From this overdetermined system of equations, the

MMSE estimate of py, denoted by Py, = (Xg, ), is
computed using [18].

po = (ATA)'Ab. (13)

'Instead of the first equation, any other equation can be used to subtract
in order to obtain N — 1 equations.

3.3 Rectangular-Grid Method

This method is proposed for scenarios in which anchor
nodes are arranged in a rectangular grid with rows and
columns. An example 2X2 grid of anchor nodes for which
this method can be applied is shown in Fig. 1. This
scenario is discussed in what follows.

Similar to Eq. (10) for the two-variable method, there
are four equations from four anchor nodes.

2 2 2 2 ™
2x1x9 + 21, =x5+ Yy +x7+ ) —af1

(14)

By subtracting Eq. (14) between anchor nodes in the
same rows, the following equations are obtained:

[ 2(xp —x1) 2y —¥1) ] [ X ] _
2x4 —x3) 2(y4 —y3) Yo

2, .2 2, .2 72
2x4%0 + 2Y4Y =xgtyy+x;+y, —d;

2 A2
(xg + yé) - (xi + yi) - (dA%—dAé) (15)
(x4 + y4) - (x3 + J/3) - (d4_d3)

Eq. (15) yields two values for x, shown below.

2 A2
(3 +y3) = (3] +y}) = (dy=d))
2(x2 - Xl)

22
(o +y3) — (3 + ¥3) — (dy—d3)
2(x4 — x3)

(16)

The average of the two values in Eq. (16) can be used as
an estimate of x, i.e.,

NI)
1 [(x§+y§)—(x%+y%>—<d2—dl>
XO— 2

2(XZ - xl)
(2 +32) = (2 +)2) = (dy—d3)
+ 4 4 3 3 4743 ) (17)
Z(X4 - X3)

In the same fashion, from anchor node pairs in the
same columns, the estimate of y is obtained below.

2 2
1| 634D -3+ D = (d3—d)
Yo = 2 3 —
3=y
2 2 2, .2 d@ dAZ
+ (x4+y4)—(x2+y2)—( 4= 2) ) (18)
2(y4 = ¥2)

Compared to the first two methods, the computation
associated with his method is simpler. Appendix A
provides expressions for X, and J, for a general case of
I x J rectangular grid of anchor nodes. The next section
compares these three methods in terms of detection
accuracy.
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Fig. 2: Dependence of the F1 score on test locations.

4. PERFORMANCE EVALUATION OF ANIMAL
THEFT DETECTION

4.1 Performance Measures

Detection performance can be evaluated in terms of
the F1 score, which is a measure of accuracy and is
equal to the harmonic mean of precision and recall. In
particular, let TP, FP, and FN denote the number of
true positives, false positives, and false negatives based
on a set of detection results from an experiment. The
precision, recall, and F1 scores are defined as follows:

L TP (19)
precision = m
TP
recall = m (20)
2
(21)

Fl1 =
( 1 : >
— +
precision recall

In general, the F1 score depends on the test locations
used in the experiment. If most test locations are far from
the fences, the F1 score will be high due to low FP and FN
values. Otherwise, the F1 score will be low, as illustrated
in Fig. 2.

Accordingly, to evaluate the detection performance,
animal locations due to random movements are consid-
ered where the animal may cross the fences several times,
so that both inside and outside random locations are
taken into account.

4.2 Test Area and Animal Locations

For simulation experiments, we assume the test area
shown in Fig. 3. Note that the areas inside and outside
the fences are kept equal. Denote the corner locations of
the fences by (+ A, £ A). Then, the corners of the test area

are (i\/EA, i\/EA). In addition, denote the locations

of the 4 anchor nodes by (L, +L).

Two models are used to generate random motions.
The first model is a simple random walk model in which
the animal is assumed to remain where it is or change its
location by distance d after each timestep. In particular,
if the current location is (x, yy), the next location will be
one of the following 5 locations, each with a probability
1/5.

(x0-30) - (xo+d.30). (x0—d.%).

test area Y (\/§A~ \/§A)
fences (A, A)
- *
LoTxa | Tx2
. m =
™3 | xa o RX®
| |

Fig. 3: Test area for simulation experiments with 4 anchor
nodes at (+L,+L).

(x0- 30 +d) . (xg. ¥ — d) (22)

The second model is a random waypoint model in
which the animal moves according to the following steps
repeatedly.

1. Remain where it is for a random amount of waiting
time. Assume that this time is uniformly distributed in
[wmin’ wmax] .

2. Choose the next location and the speed randomly.
Then, move to the selected location at the selected
speed. Assume that the distance to the next location is
uniformly distributed in [dmin’ dmax], the direction angle
is uniformly distributed in [0°,360°] and the speed is
uniformly distributed in [smin, smax].

Note that, for each model, when the next location
is outside the test area, the animal remains at the last
location within the test area and waits until the next
location is within the test area. In this way, the animal
may cross the fences but will never leave the test area.

4.3 Setup for Simulation Experiments

Simulation experiments to evaluate the detection
performance are conducted using the Octave software
[20]. Table 1 lists the simulation parameters together
with their default values. In particular, note that each
data point in the simulation results is an average of 100
random scenarios, each containing 10* timesteps.

Fig. 4 shows example trajectories of the animal
motions based on the simple random walk and random
waypoint models. It can be seen that, under the simple
random walk model, the animal tends to cross the fences
more often compared to the random waypoint model.
Both models are used to obtain the numerical results in
what follows.

4.4 Results of Detection Performances

Fig. 5 shows the values of precision, recall, and F1
score for different values of the noise standard deviation
o for the simple random walk model. Fig. 6 shows the
same information for the random waypoint model. As
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Fig.4: Example animal trajectories based on the simple
random walk model and the random waypoint model using
the parameters in Table 1. For each trajectory, the initial
location is marked as a circle while the final location is a
Cross.
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Fig. 5: Precision, recall, and F1 score vs. o for the simple
random walk model.

expected, for both models, as RSSI values contain more
noise, i.e., as o increases, all three performance measures
decrease.

Observe from Figs. 5 and 6 that the F1 scores
associated with the simple random walk model are
consistently lower. This is due to the fact that the animal
crosses the fences more often (see Fig. 4) and thus spends
comparatively more time near the fences, yielding higher
FP and FN values in Egs. (19) and (20), which in turn lead
to a lower F1 score in Eq. (21).

Figs. 5 and 6 also reveal that the detection per-
formances of the three multilateration methods are
approximately the same. Given similar performances
among these methods, the rectangular-grid method is
attractive due to its simpler computation.

4.5 Effects of Anchor Node Locations

Finding appropriate locations for the anchor nodes is
considered next. Recall that the 4 anchor node locations
are (+L,+L). Figs. 7 and 8 show the F1 scores for
different values of L for the simple random walk and
random waypoint models, respectively.

It can be observed that using any value of L in the

09 & 0.9

b ) —a - §-variable
5 085 - _ 0853 = o 2-variable
w Ty © Ny —=— rect.-grid
o 08 B~ @ 08 S
L —o- 3-variable| e = s,
=1 : ~.. o
0.75 | — - 2-variable =4 0:75 e
—=— rect.-grid
0.7 0.7
1 .5 2 25 3 1 155 2 28 3
a a
0.9
: —8 - 3-variable
o 0.85 | —~ - 2-variable
o g |—= rect.-grid
S 08 S
o= l\"ﬂ.,
* 075 =
0.7
1 15 2 25 3
a

Fig. 6: Precision, recall, and F1 score vs. o for the random
waypoint model.

08
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—=—rect.-grid
0.72
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Fig. 7: F1 score vs. anchor node location parameter L for
the simple random walk model.
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0.72
10 20 30 40 50 60

L (in m)

Fig. 8: F1 score vs. anchor node location parameter L for
the random waypoint model.

range between 25 m and 60 m yields F1 scores that are
higher than using L < 25 m. In particular, the value of
L = 40 m yields the highest F1 scores in Figs. 7 and 8,
although the differences among the F1 scores for L in the
range from 25 to 50 m are not significant.

Note, however, that using L > 50 m may not be
practical since the anchor nodes will be located outside
the fences. In some cases, the area outside the fences
belongs to other people, and it is not possible to deploy
equipment on their properties.

On the other hand, using L < 25 m leads to
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lower F1 scores because the anchor nodes are located
more closely to one another, yielding RSSI values that
are approximately the same. Since all multilateration
methods rely on using the differences among RSSI values
from the anchor nodes, the accuracies in terms of the
F1 scores are low when the RSSIs are not significantly
different.

5. IMPROVEMENT OF DETECTION PERFORMANCE

5.1 Limited Motion Condition

The detection performance can be improved by miti-
gating the effects of noise in RSSI values. To do so, this
section proposes setting a practical condition that the
new estimated location cannot be too far from the last
estimated location. In other words, the animal motion is
limited to being in the neighborhood of the previously
estimated location. The specific values of the conditions
depend on the animal type of interest and are beyond the
scope of this work. In what follows, we demonstrate the
approach using limited examples.

More specifically, the new location is first set to a
weighted average between the last estimated location and
the current estimated location based on the most recent
RSSI values. Let f)l(; be the estimated animal location in

timestep k. Let ﬁgSSI be the estimated location based on
the most recent RSSI values. The estimate in timestep
k+1 is computed based on the weighted average

apo +(1 - a)ARSSI

=Py + (1 ) (b ~ Bg) . (23)
where « is the weight parameter such that 0 < o < 1.
Note that ¢« = 1 is not used since it corresponds to
using only the old estimated location and not taking into
account the updated location based on the RSSI values.
With the estimate limited to being within distance D
from the last estimate, the estimated location for the
timestep k41 can be expressed as

i =
mln( a) ~RSSI f)k ,D .
”ARS”SI Ak” 0” ) (p§SSI 16) (24)
0

Fig. 9 illustrates the limited motion condition as given
in Eq. (24). In case 1, the weighted average in Eq. (23)

is within distance D of the previous estimate f)g , and the

estimate f)k+ is therefore set to this weighted average.

In case 2, the weighted average in Eq. (23) is further than
distance D from f)g Accordingly, the estimate f)l(;H is set
to be at distance D from f)g towards the weighted average
in Eq. (23).

5.2 Detection Performances with Limited Motion
Condition

Fig. 10 shows the F1 scores for different values of a
for the simple random walk model. The value of D is

Case 1 /.135551
/
S Bk B (1 o) (B )
: /
4 =k
| 3
Case 2 ® [35{551
§0h + (1— o) (BESS - p})
g, D
JSk1 _ ok 4 RSSI _ -
I/ Po N Py T m (P = Po)
:‘:( D ﬂ/‘
| k+1
] ph+

Fig. 9: Illustration of the limited motion condition.
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Fig. 10: F1 score vs. location update parameter a for the
simple random walk model. The F1 score without using the
limited motion condition is shown using the dashed line for
comparison.

1
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X

Fig. 11: F1 score vs. location update parameter a for the
random waypoint model.

set to 20 meters. Fig. 11 shows the same information
for the random waypoint model. Numerical results in
Figs. 10 and 11 indicate that using the limited motion
condition in Eq. (24) can significantly improve the
detection accuracies (in terms of the F1 scores).

Note that, as we keep increasing a, the new location
estimate is based more and more on the last estimated lo-
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Fig. 12: Linear animal motion with a constant speed for
delay performance evaluation.

cation. Surprisingly, the F1 score improvement continues
as we increase @ as high as 0.9.

As a approaches 1, the expression in Eq. (23) indicates
that the new location estimate will be based only on the
last estimate and not on the most recent RSSI values.
Over time, the new estimate will be incorrect, leading to
a significant drop in the F1 score. On the other hand, for
a = 0, the new estimate is based only on the latest RSSI
values, similar to the case of no limited motion. However,
with @ = 0, there are gaps between the F1 scores with
and without the limited motion condition due to the fact
that the condition sets a distance limit D (regardless of
the value of @) from the last estimated location.

While the results seem to indicate that setting a as
high as 0.9 is desirable, the next section investigates
the time delay of animal theft detection as another
performance measure. It will be seen that there is a
trade-off between the accuracy performance (in terms of
the F1 score) and the delay performance. Accordingly,
the parameter a should be chosen by taking into account
both accuracy and delay.

More specifically, when a is small (close to 0), a
relatively large weight on f)ORSSI in Eq. (23) results in a
quick update on the location estimate based on the most
recent RSSI values, leading to a low delay in animal theft
detection. On the other hand, when « is large (close to 1),
a relatively large weight on the previous estimate (f)l(;) in
Eq. (23) results in a slow update on the location estimate,
leading to a high detection delay.

5.3 Delay Performances of Animal Theft Detection

To evaluate the delay performance in animal theft de-
tection, we consider a linear animal motion as illustrated
in Fig. 12. This motion corresponds to a scenario in which
the animal of interest is being taken out of the fences. In
particular, the animal starts moving from location (0, 0)
on a straight line with a constant speed and leaves the
fence area at location (50, 0). To accommodate a range of
scenarios, the animal’s speed is varied from 0.1 m/s to 0.3
m/s. Each simulation scenario consists of 500 timesteps,
which are sufficient to cover the motion from location
(0,0) to outside the fences. The time duration between
successive timesteps is 5 s (as in Table 1).

The delay in animal theft detection is measured from
the moment the animal of interest leaves the fence area

Table 1: Parameters for simulation experiments.

Parameter Value
Test area:
A (fence corner) 50 m
L (anchor location) 25m
RSSI value:
d, (reference distance) 1m
R (reference RSSI) -25 dBm
y (attenuation) 2.5
o (noise) 2 dB
Animal motion:
d (random walk step) 1m
[wmin, wmax] (wait time) [60, 180] s
[dmim dmax] (distance) [10, 20] m
[Smin: Smax| (sPeed) [0.1,0.3] m/s
Timestep:
Time between detections 5s
Number of timesteps 10*
Number of scenarios 100

to the moment a correct detection (i.e., TP) is generated.
To correctly measure delay values without the effects of
incorrect detections, noiseless RSSI values are considered
in this section. Without noise, all three multilateration
methods will correctly identify the animal’s location.
Therefore, it is sufficient to consider the rectangular-grid
method for simulation experiments in this section.

Fig. 13 shows the time delays in animal theft
detection for different values of @ and for different
speeds. Numerical results show that, for each value of a,
the detection delays are approximately the same for all
speeds. In addition, the detection delay increases with a
for all speeds. In particular, as a increases beyond 0.9,
the delay can be excessive, e.g., > 60 s. Since timely
discoveries of animal thefts are desirable, using a high
value of a for high detection accuracies may not be
practical due to excessive detection delays. As a result,
a balance must be struck between accuracy and delay.

One approach is to choose a based on a tolerable delay
limit, denoted by T;™*. To help identify the value of «
chosen in this fashion, Appendix B provides a derivation
of an approximate expression of the detection delay given

by

, (25)

where T denotes the detection delay and T" denotes the
duration of each timestep, which is 5 s in this work. Note
that the delay expression in Eq. (25) is independent of
the speed, which is consistent with the results in Fig.
13. Fig. 14 shows the detection delay values from the
approximated expression in Eq. (25), which match closely
with the simulation results in Fig. 13.

Based on Eq. (25), given the tolerable delay limit 7",
the value of a for the limited motion condition should be
selected such that T = aT/(1 — @), yielding
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100

delay (in s)

0
0 02 04 06 08 1
«

Fig. 13: Delay in animal theft detection (in s) vs. location
update parameter a for the linear animal motion.

100

80
60
40
20

delay (in s)

0
0 02 04 06 08 1
o

Fig. 14: Delay in animal theft detection vs. location update
parameter a from the approximated delay expression in Eq.
(25) with T=5s.

max
Td

a@= —
™ +T

(26)

As a specific example of selecting a, consider T"* =
30sand T =5 s. From Eq. (26), the value of « is 30/35 ~
0.86. From Figs. 10 and 11, the corresponding F1 scores
are approximately 0.91 and 0.93 for the simple random
walk and random waypoint models, respectively.

If we reduce the tolerable delay to 7;"** = 15 s while
keeping T = 5 s, the value of a in Eq. (26) becomes
15/20 = 0.75. The corresponding F1 scores decrease to
approximately 0.89 and 0.91, respectively. This example
demonstrates that a smaller detection delay target comes
at the price of lower detection accuracies.

5.4 Detection Performances with Multipath Effects

This section investigates the detection performance
in the presence of multipath effects in wireless trans-
missions. For outdoor environments, multipath effects
can be modeled using a Rician fading random variable
[21], which takes into account a direct transmission
path between the transmitter and the receiver as well as
additional paths due to reflections, i.e., indirect paths.

More specifically, if X is a random path loss with
multipath fading and x, is the path loss without fading,
then ¥ = X/x, has the normalized Rician fading

1
with limited motion condAi
0.9 B T e
% 0.8 Ewithout limited motion cond.
H i el ——————
o - —0-3-variable
0.6 —-2-variable
—=—rect.-grid
05
10 10° 10* oo
K

Fig. 15: F1 score vs. Rician fading parameter K for the
simple random walk model with a = 0.8 for the limited
motion condition.

1
with limited motion cond.
09 e —
g without limited motion cond.
o038 w0
Z 0.7 L
T -8- 3-variable
06 —+=2-yariable
&= rect.-grid
05
10 102 10* 00

K

Fig. 16: F1 score vs. Rician fading parameter K for the
random waypoint model with a = 0.8 for the limited motion
condition.

probability density function (PDF) given by

Fr 0)=2(K + 1) ye K=ED7 g (/KK + Dy).
(27)
where K is the parameter that indicates the ratio between
the received power from the direct path and the power
from all other indirect paths and I, denotes the zeroth-
order modified Bessel function of the first kind.
From Y = X/x, or equivalently X = x,Y, the power
loss X2 in dB can be written as

20log (X = 20log;, xo + 20log,,Y . (28)

Therefore, given a randomly generated value of Y, the
RSSI value R in Eq. (1) becomes

R=R,- 1oylogmdio +Z+20log, Y, (29)

where the last term is added to represent the multipath
effects.

Figs. 15 and 16 show the performance of animal theft
detection in terms of the F1 score for different values of K,
where a larger K means that the direct path carries more
signal power. The case of K = oo refers to having the
direct path only, which has been investigated in previous
sections. Hence, the values for K = oo are taken from
Figs. 10 and 11. For the limited motion condition, the
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location update parameter « is set to 0.8 based on the
delay performance analysis in Section 5.3, which suggests
that a should be below 0.9.

From Figs. 15 and 16, it can be seen that the
detection performance degrades as K decreases due to
less signal power on the direct path, i.e., higher multipath
effects. In addition, for all values of K, using the limited
motion condition can significantly improve the detection
performance. Therefore, the proposed limited motion
condition is also helpful for scenarios with multipath
effects in wireless transmissions.

6. CONCLUSION

This work investigated the performance of animal
theft detection using wireless RSSI values through sim-
ulation experiments. Three multilateration methods are
considered and compared, with the last method being
proposed and applicable for scenarios in which anchor
nodes are arranged in a rectangular grid with rows
and columns. Numerical results indicate no significant
differences among the three considered methods, making
the rectangular-grid method attractive due to its associ-
ated simple computations. The limited motion condition
was next considered to improve detection accuracy and
was shown to provide significant performance improve-
ments. Then, delay performances were considered, and a
trade-off between accuracy and delay performances was
demonstrated. Finally, multipath effects were taken into
account in terms of Rician fading parameters. Numerical
results indicated that the limited motion condition is
helpful in improving animal theft detection performance
in the presence of multipath effects.

It is recommended that future research involve out-
door testing on a real farm to compare with simulation
results. The effects of environmental factors such
as terrain type and weather conditions on RSSI-based
theft detection should also be investigated. Besides,
using other types of sensors, e.g., accelerometers and
gyroscopes, to improve the detection performance can
be considered. Finally, using machine learning methods,
e.g., deep learning and reinforcement learning, to further
improve detection performance can be investigated.

APPENDIX A. GENERAL EXPRESSIONS FOR THE
LOCATION ESTIMATE IN THE RECTANGULAR-
GRID METHOD

For a general case of I X J rectangular grid of anchor
nodes, each node pair in the same row yields one value
of %(. In particular, if p, = ( x, ;) and p; = ( x;, ;) are
in the same row, the estimate X, from this node pair is as
given in Eq. (17), i.e.,

22
gy = G~ Gy~ (di—dy)
2(xl - xk)

(30)

For each of I rows, there are < ; ) node pairs. Therefore,

the number of node pairs whose rows are the same is

1 (;) in total. Let R denote the set of anchor node

pairs whose rows are the same. For example, in Fig. 1,
R = {(1,2),(3,4)}. By averaging over all node pairs in
R, the overall estimate of %, is given by

1

Xg = J X
1(3)
2

22
O +y)) = (g +y) = (d)~d))

(1)

(k,heR

Similarly, let C denote the set of anchor node pairs whose
columns are the same. For example, in Fig. 1, C =
{(1,3),2,4)}. Ifp, =( xpp) and pp = ( x;,y,) are
in the same column, the estimate J; from this node pair
is as given in Eq. (18), i.e.,

2,2y 2 2N 2 52
)A)O: (x[+y[) (xk+yk) (dl dk) . (32>
20— yi)

By averaging over J <§> node pairs in C, the overall

estimate of J is given by
1

Yo = 1\ X
7(3)

22
OF +y) = O +y) = =dp)
200 =)

(33)

(k,heC

APPENDIX B. DERIVATION OF APPROXIMATED
DELAY EXPRESSION

Based on the linear motion model, denote the animal’s
location by (x(,0). Without loss of generality, consider
the reference location x, = 0 at time t = 0. After k
timesteps, where k € {0, 1,2, ... }, the animal location is
given by

x(),k =kTs . (34)

where X, denotes the location after timestep k, s is the
animal speed, and T is the timestep, which is 5 s in this
work.

With the limited motion condition, the location esti-
mate after timestep k, denoted by X, with X5 = 0, is
computed in the noiseless case as follows. Note that we
assume D is larger than the distance in each timestep, i.e.,
D > T's, since the model cannot keep track of the animal
otherwise.

Xp1 =aXpp+ (1 —a)xp,
=ax0+(1-a)Ts
=Ts(l —a) (35)
Xop =aXgy + (1 —a)xp,

=als(l—a)+ (1 —a)2Ts



10 ECTI TRANSACTIONS ON ELECTRICAL ENGINEERING, ELECTRONICS, AND COMMUNICATIONS VOL.21, NO.3 OCTOBER 2023

=TsQ2—a—a?) (36)
)%0,3 = a)’(\fo’z + (1 - (X) X0’3
=aTs2—a—a®)+ (1 —a)3Ts
=Ts@G-—a—a’>—a) (37)
In general, after timestep k,
Xop =Tstk—a— a’— .. - ak)
_ .k
=Ts [k — M ]
l—a
st[k— l ] (38)
l—a

where the approximation holds for large k since a*

approaches 0 as k increases for 0 < a < 1.

Let (B, 0) be the fence boundary location, i.e., B = 50
m in Fig. 12. From Eq. (34), the animal crosses the fence
at timestep k” such that k'T's ~ B yielding

B
Ts °

k'~

(39)

From Eq. (38), the crossing is detected at timestep k" such
that T's [k” — a/(1 — )| ~ B, yielding

B a

k"~ — 40
Ts l—a (40)
From Eqgs. (39) and (40), the detection delay is
aT
Ty~ (K" =K )T = , 41
am )T= 1= (41)

which is as given in Eq. (25).
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