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Abstract—Detecting and locating outdoor boundary crossing
events is valuable information in curbing drug trafficking, reducing poaching, and protecting high-asset equipment and goods.
However, boundary sensing is notoriously challenging, prone to
false alarms and missed detections, with serious consequences.
Weather events, like rain and wind, make it even more challenging to maintain a low level of missed detections and false
alarms. In this paper, we propose and test an automated system
of wireless sensors which uses received signal strength (RSS)
measurements to localize where a boundary crossing occurs.
In addition, we develop new RSS-based statistical models and
methods that can quickly be initialized and updated on-line by
using link RSS statistics to adapt to time-varying RSS changes
due to weather events. These models are implemented in two
new classifiers that localize boundary crossings with few missed
detections and false alarms. We validate our proposed methods
by implementing one of the classifiers in a three month long
deployment of a solar-powered, real-time system that captures
images of the boundary for ground truth validation. Furthermore, over 75 hours of RSS measurements are collected with an
emphasis on collection during weather events, like rain and wind,
during which we expect our classifiers to perform the worst.
We demonstrate that the proposed classifiers outperform four
other baseline classifiers in terms of false alarm probability by
1 to 4 orders of magnitude, and in terms of the misclassification
probability by 1 to 2 orders of magnitude.

I. I NTRODUCTION
In many situations, it is important to know when a person or
other object crosses over a border or boundary in an outdoor
environment. Wildlife preservation agencies wish to know
when poachers have illegally crossed into a preservation area;
national agencies wish to curb drug trafficking across national
borders; farmers want to prevent loss of crop to thieves [1]. In
many cases, the economic cost is too high to hire personnel
to patrol the boundary of interest. In this paper, we propose
and test an automated system of wireless sensors that detects
and localizes when and where a boundary crossing occurs.
The idea of detecting and locating a tag-free person in
sensor networks has already been developed and tested using
several device-free localization (DFL) technologies. Using
radio frequency (RF) links as the sensing method has been
increasingly studied because of the ability to sense through
walls and other objects opaque to light. Radio tomographic

imaging [2], for example, measures received signal strength
(RSS) on many wireless RF links and can achieve sub-meter
localization errors in indoor environments. In this paper, we
develop new DFL methods that are built specifically for the
outdoor border crossing localization problem and we show that
our methods can outperform current DFL methods.
One of the features of a boundary is that it is typically made
up of a series of piecewise linear sections that divide two
regions. A natural way of covering the boundary is to match
the sensing system’s geometry with that of the boundary:
straight line segments. To this end, we build on the concept
of using a wireless RF link as a line segment sensor [3], [4]
where, if a person crosses the imaginary line segment between
a transmitter and receiver, i.e. “link line,” an algorithm can
detect the crossing based on changes in the RSS measurements
of the wireless channel.
Border sensing is notoriously challenging since sensors
are prone to false alarms and missed detections, which have
serious consequences [5]. In this paper, we propose to deploy
wireless nodes linearly along a boundary, partitioning the
boundary into multiple short segments between neighboring
nodes. The mesh network the nodes form creates many overlapping RF links. Limited in accuracy by themselves, the RF
links, when overlapped in this deployment geometry, provide
redundancy to improve crossing detection reliability and better
localize which partition of the boundary is crossed [6].
We develop two new classifiers which use noisy RSS data
from RF links in the network to determine the state of the
boundary, either vacant or being crossed, and if being crossed,
between which two nodes. This work contributes in several
ways to the state-of-the-art:
•

•

The new classifiers use soft decisions on each link,
rather than hard decisions [6], and we show these allow
significantly improved performance.
Our classifiers do not use any labelled training. Rather,
we develop simple statistical models whose parameters
are estimated from a 5 second calibration period when it
is known that the boundary is not being crossed. These
parameters are re-estimated periodically during operation

j=2

j=1
1

2

3

N

Fig. 1: Nodes and short segments j in localization system

to adjust for time-varying changes in RSS measurements
like those caused by weather events [7]–[9].
• We build and test a system running one of the classifiers
in real-time for a three month outdoor deployment. We
also recorded and make available over 77 hours of
RSS data from the network [10], predominantly during
weather events like rainstorms and wind when we anticipated the boundary monitoring would perform the worst.
• We use the data to compare the proposed classifiers
with four baseline classifiers and show that the proposed
classifiers can reduce the false alarm rate by 1 to 4 orders
of magnitude or the misclassification rate by 1 to 2 orders
of magnitude.
The remainder of this paper is organized as follows. Section
II describes the overall boundary crossing localization system,
the two proposed classifiers, and the adaptive RSS models
we develop. Section III outlines the equipment used, the data
collection experiments performed, and the validation metrics
used to evaluate the proposed classifiers. Section IV reports
the results of the experiments. We describe related research in
Section V and conclude the paper in Section IV.
II. M ETHODS
A. Boundary Crossing Localization System
In our border crossing localization system, N nodes are deployed linearly along a border (see Fig. 1). The nodes provide
a natural series of line segments between neighbouring nodes
that partition the boundary. We call the line segment between
node j and j + 1 “short segment j.” The system we propose
performs boundary crossing localization by classifying which
short segment j a person is crossing. At any given time, our
system outputs ĵ where ĵ ∈ {0, 1, . . . , N − 1}. When ĵ = 0,
our system indicates that no one is crossing the boundary at
any location. In this wireless network, RF links form between
each pair of nodes. For each of these links, the RSS, also
called the received power in decibel units, is measured as
ri for wireless link i. The RSS is typically a discrete-valued
measurement, and we denote its possible values as S. We note
that S also includes , the event that there was a missed
packet and as such RSS was not measured. We observe a
vector r = [r1 , r2 , . . . , rL ] on L links.
Our boundary crossing localization system also consists of
a model parameter update module and a crossing segment
classifier (see Fig. 2). The vector r is passed to the crossing
segment classifier where we classify which section of the
boundary the person crossed. The vector r is also passed to the
model parameter update module where a buffer of recent RSS
samplesIn an outdoor environment, we cannot count on the
measurement statistics to stay the same over time. To address
this reality, measurement statistics are periodically passed to
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Fig. 2: Block diagram of the proposed localization system

the crossing segment classifier to update the models to account
for time-varying changes in the RF channels. Later sections
give further explanations of the update module and classifier.
B. Link Line Obstruction Model
In our proposed crossing segment classifiers, RSS measurements are used as evidence of a person being on or off of the
link lines in the wireless network. Several statistical models
currently exist that map RSS values or changes in RSS to
probabilities of a person being on or off a link line [11]–[13].
The models in [11], [13], built using indoor measurements, can
be used if the node locations are known. The model in [12]
is independent of node locations, but there are eight tunable
parameters. The models that we develop, which have three
tunable parameters and are independent of node locations,
are initialized and updated by using the statistics of the RSS
measurements. Our models allow us to quickly and easily
adapt to time-varying outdoor environments caused by rain
and humidity [9], wind [7], and temperature [8].
Our model is based on the probability distribution of RSS
measurements when a person moves along any point of the
link line, and when a person moves somewhere away from the
link line. We conduct a short experiment to demonstrate the
differences in the distributions for these two cases. A person
first walks along a link line, back and forth between the two
nodes, for several seconds. The person then walks 6 ft away
from and parallel to the link line for several seconds. We show
the histograms of a link’s RSS in Fig. 3. We observe that when
a person is off the link line, the RSS measurements tend to
have very little variance. When no objects move near the link
line, multipath are not likely to change, and thus, RSS remain
relatively constant. However, when a person is on the link
line, we observe large variations in RSS. The distribution has
a larger variance and the mean value has shifted.
We use these observations to model the on and off link
line distribution of RSS in dB as Gaussian, but modified to
account for missed packets ri = and for numerical stability.
We define the “off link line” probability mass function (pmf)
for link i as,
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where ri is the RSS measurement, ρ is the probability of a
missed packet, N (ri ; νi , σi2 ) is the normal function evaluated

the same estimate for νi and σi2 as we used for link i’s off pmf,
and unless otherwise stated, we let ∆ = 5.0 dB and η = 4.0.
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Fig. 3: Relative frequencies of RSS measurements when a
person is on, and off, a link line.

at ri for mean νi and variance σi2 ,  > 0 is a small-valued
lower bound on the probability value away from zero, and γ
is a constant such that the sum of the pmf equals one. The
use of the minimum probability  is due to the fact that in
practice, we may observe values far from the mean more often
than described by (1) and (2) because temporal fading does
not always fit the log-normal distribution [14]. Using a small
value  conveys the model uncertainty and avoids numerical
issues with very low probabilities in the proposed classifiers.
Unless otherwise stated, we let  = 0.0001, and ρ = 0.03.
To estimate the mean and variance of link i’s off pmf is
not known a priori, we estimate these parameters from a
5 second calibration period in which it is known that the
boundary is not being crossed. To estimate νi , we use the
median of the RSS measurements during calibration since the
sample median is more robust to outliers than the sample
average. To estimate σi2 , we use the maximum of the sample
variance of the RSS measurements during calibration and a
minimum constant ω 2 > 0. Due to quantization of RSS, the
sample variance may be zero even though the true real-valued
received power would have had a positive variance. We impose
a minimum variance of ω 2 > 0 to avoid numerical instability.
Unless otherwise stated, we let ω = 0.75(dB).
Since our classifiers do not use labelled training data, we
do not have access to RSS measurements when a person is
crossing the boundary and thus have no way of knowing
the pmf of RSS during a link line crossing. In outdoor
deployments where line-of-sight exists, our experience is that
we are likely to see a decrease in RSS. Thus, in an effort to
make the model simple to compute, we set the “on link line”
pmf for link i as,

f (ri | On) =

ρ,
1
γ


max , N (ri ; νi − ∆, ησi2 ) ,

ri =
ri 6=

(2)
where ∆ is the average decrease in RSS on a link due to a
person’s presence, and η > 0 is a factor by which the variance
is increased due to a moving person on the link line. We use

In this section, we describe our first proposed classifier
which we call the maximum likelihood classifier (MLC).
Given that a person is either crossing one of the short segments
j or not crossing the boundary at all (j = 0), we know for
each link i whether or not the RSS should be in the on or
off link line state. We map the relationship between crossing
short segment j and crossing link line i as a codeword.
The codeword for a person crossing short segment j is
T
w(j) = [w1 (j), w2 (j), . . . , wL (j)] where wi (j) = 1 if by
crossing j, the person also crosses link i. Formally,
(
1, if (li ≤ j) and (j + 1 ≤ ki )
(3)
wi (j) =
0, otherwise
where ki and li are the endpoints of link i, and ki < li , without
loss of generality.
From the codeword, we can decide if ri is a sample from
f (ri | Off) or f (ri | On). The probability of observing
ri given short segment j is crossed can be computed as
bj (ri ) = f (ri | On)wi (j) f (ri | Off)1−wi (j) . Since wi (j) ∈
{0, 1}, we pick off the probability of observing ri given the
crossed short segment. By applying independence between
RSS measurements on the links, we obtain the likelihood of
observing r by
bj (r) =

L
Y

f (ri | On)wi (j) f (ri | Off)1−wi (j) .

(4)

i=1

The MLC decides which short segment j was crossed as,
ĵ = arg max bj (r).

(5)

0≤j≤N −1

D. Hidden Markov Model Classifier
In this section, we describe a hidden Markov model (HMM)
classifier that decides what short segment j was crossed. The
HMM classifier (HMMC) is based on the forward algorithm
[15]. We say that the boundary can be in one of N states at
any given time: an “off” state which is when no short segment
is being crossed; or a state that short segment j is currently
being crossed. We denote the off state as S0 and crossingshort-segment-j state as Sj . The probability that the HMM
begins in Sj is denoted π = {πj } where
πj = P [q1 = Sj ],

0≤j ≤N −1

(6)

and q1 is the state of the HMM for the first RSS measurement.
In this paper, we let π0 = 0.9 and πj = N 1−1 (1−π0 ) for j 6= 0.
The one-step transition probability from state i to state j, aij ,
is defined as
aij = P [qt+1 = Sj | qt = Si ],

0 ≤ i, j ≤ N − 1.

(7)

In this paper, we assume that the boundary will be crossed
infrequently and so the HMM will likely stay in S0 . Under
this assumption, we let a00 = 0.75 and a0j = N 1−1 (1 − a00 )
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Fig. 4: A link’s RSS decreases over minutes during the start
of rain and returns to the pre-rain level after the rain subsides.

measurement. However, the history of measurements only
include those that are observed when it is likely that no one
is crossing the boundary, i.e. ĵ = 0. To accomplish this, we
add the current RSS measurement ri into a M -length FIFO
buffer when b0 (r) > κ for the MLC and αt+1 (0) > κ for the
HMMC. After β new RSS measurements are added into the
buffer, νi and σi2 are re-estimated for each link i using the
measurements from their buffers. The re-estimated parameters
are then used to update the off and on pmfs for each link
simultaneously. In this paper, we set κ = 0.6, M = 50,
and β = 18. The buffer size allows us to update our models
approximately every 5 seconds. Our model-update can quickly
adapt to RSS changes caused by weather events because the
rate of change of RSS during a weather event, like rain, is
typically hundreds of times slower than the change caused by
a person crossing.
F. Baseline Classifiers

for j 6= 0. When the boundary is crossed, we assume that the
person moves off the boundary quickly. As such, we let the
probability ajj = 0.6 for j 6= 0 and aj0 = 1 − ajj for j 6= 0.
All other entries not specified are 0 since a boundary crosser
will only cross one short segment at a time. The HMM uses
(4) to describe the probability of observing r given state j.
With this model, we are interested in solving the problem of: what is the most likely current state given a history of past r observations? The forward solution to the
HMM answers this question with computational efficiency
[16], inductively computing a vector αt (j) at each time
t for each state j, and then estimating the crossed short
segment as ĵ = arg max0≤j≤N −1 αt+1 (j). The forward
algorithm initializes
α1 (j) i= πj bj (r1 ), and then computes
hP
N −1
αt+1 (j) =
i=0 αt (i)aij bj (rt+1 ) for each t > 0 and for
0 ≤ j ≤ N − 1.
E. On-the-fly Model Update
For wireless RF links, changes in temperature, humidity
and movement of foliage during windy periods can cause the
distributions of RSS to change compared to those taken at a
prior time [7]–[9]. An example of changes caused by heavy
rainfall can be seen from our own data collection in Fig. 4.
We observe that as the rain starts, the RSS on this link drops
steadily by approximately 8 dB in five minutes. After the rain
stops, the RSS on the link increases, over two hours, back to
approximately the same value prior to the start of the rain.
This happens because, as the rain collects on the surface of
the soil, the electromagnetic properties of the soil also change
[17]. The phases and amplitudes of any reflection from the
soil change, and thus the RSS changes as a result. As the rain
abates, the water gradually evaporates or is drawn into the soil
and over the course of hours, the electromagnetic properties
of the soil are restored to the pre-rain state.
Gone unchecked, these time-varying changes to RSS caused
by weather conditions would degrade the performance of
the classifiers. To address these realities, we periodically
update each link’s on and off pmf using a history of RSS

In this section, we briefly describe four baseline classifiers
against which we compare our proposed classifiers. The first
two classifiers, from [6], make use of a binary vector that
is produced by link line crossing detectors that determine
the crossed-state of each link. The closest codeword classifier
(CCC) finds the closest match, in Hamming distance, between
the binary vector measurement and the same codewords referenced in Section II-C. The short segment j whose codeword
is closest in Hamming distance to the observed binary vector
is used as the classified short segment crossed. Unlike the
CCC, the simple classifier (SC) operates on a network of
nodes where links form only between nodes j and j + 1,
for j ∈ {1, . . . , N − 1}. The SC decides short segment j
is crossed only when its associated link measures a crossing.
The SC ignores the measurements on longer links thus relying
only on the individual shorter links for classification.
The third classifier is based on radio tomographic imaging
(RTI) [2] and we refer to it as the radio tomographic imaging
classifier (RTIC). The objective of RTI is to estimate an
image of RF signal attenuation using RSS measurements on a
network of RF links. The implementation of RTI in this paper
uses the difference between a short and long term RSS average
as the measurement vector from which we estimate the image.
The image is estimated for each new vector measurement and
the pixel with the greatest value is chosen as the location of
the person. However, if the maximum pixel value is below a
threshold, the boundary is assumed to be vacant. When RTI
is applied to the boundary crossing localization system in this
paper, the image we wish to estimate is one row of pixels
that extends from node 1 to node N. Each pixel maps to one
short segment, thus the RTIC maps the location estimate from
RTI to the short segment j crossed. When the maximum pixel
value is below a threshold, RTIC decides ĵ = 0.
The last classifier is based on the fingerprint-based system, Nuzzer [18]. In Nuzzer, training RSS measurements
are recorded as a person moves around in several distinct
locations. Histograms of the RSS for each link are saved
in a database for each of the areas in which the person is

moving. In the Nuzzer classifier (NC) used in this paper, RSS
measurements are recorded when a person stands far from the
boundary, when a person walks along each short segment j,
and when a person walks 1.21 m away from and parallel to
each short segment. As explained in [18], the likelihood of r
collected during testing is computed for each location using
the probabilities from the training histograms. Smoothing is
applied by multiplying a number of consecutive likelihoods.
The NC decides ĵ = 0 if the maximum “smoothed” likelihood
maps to any of the locations where the person was far from the
boundary or if they were walking parallel to a short segment.
Otherwise, the short segment with the maximum smoothed
likelihood is classified as the crossed short segment. We apply
a similar update method to NC as we designed for the MLC
and HMMC in Section II-E. In this update method, r is added
to a buffer when ĵ = 0. When β new measurements have been
added to the buffer, the histograms associated with a person
far from the boundary are updated.
III. E XPERIMENTATION
In this section, we describe the equipment, environment,
experimental setup and metrics we use to quantify the performance of the proposed and baseline classifiers.
A. Equipment and Setup
Our nodes are Texas Instrument CC2531 USB dongles
which follow a TDMA protocol and transmit +4.5 dBm power
in the 2.4 GHz ISM band. An extra node overhears the wireless
traffic and records r on a computer. On 1 meter tall stands,
six nodes are deployed 4.6 m apart, making the total border
length 23 m long. We measure RSS on all links and on
four channels every 100 ms. Although we measure on four
channels, it requires additional transmit energy and bandwidth
compared to one channel. As such, in this paper, we analyze
the performance of the classifiers when RSS measurements on
one or on all four channels are available.
Using different deployments, we show how one of the
proposed classifiers performs in a real-time system. We also
demonstrate how the performance of the proposed classifiers
compare to the baseline classifiers in post-processing. One
contribution of this paper is that we test the HMMC in a realtime system over a three month period. We build and deploy a
system in which each node is powered by solar-rechargeable
batteries. Additionally, a solar-powered BeagleBone Black is
used to record RSS measurements and run the HMMC to
perform real-time boundary crossing localization. We envision
that the result could be sent to a server and used to remotely
monitor or dispatch someone to the boundary; our deployed
system simply captures and saves a webcam image along with
the date, time, and estimated crossing location, to file [19]. We
use these photos to establish the ground truth.
The HMMC in our deployment operates on the RSS measurements from all four channels, using 75% more power than
when it measures on only one channel. However, we ran our
three month deployment using four channels because it was

within the capacity of our solar-rechargeable batteries, and we
wanted to achieve the best performance possible.
In addition to the real-time setup, we also show how the
performance would be affected in the real-time system if
other classifiers or classifier parameters had been used. To
that end, we perform many experiments where we record
RSS measurements to file and run our proposed and baseline
classifiers on those data sets in post-processing. In this paper,
nodes are deployed in a variety of locations and weather
conditions. The RSS measurements on all four channels are
recorded in these cases. Note we evaluate the classifiers using
data from either one or all four channels in Section IV-B1.
B. Experiments
1) Experiments for Post-processing: To compare the performance of our proposed and baseline classifiers, we conduct
a total of nine data collection experiments over the course
of a month and a half at three different locations shown in
Fig. 5. We refer to these locations as the field, the school,
and the natural area. There are two large deciduous trees that
stand within 6.1 meters of the nodes at the field, and five
deciduous trees that stand within 1.5 meters of the nodes at
the school. However the natural area is marked with high
grasses, low shrubs, and deciduous seedlings and trees. Seven
of the nine data collection experiments are conducted in the
field. In three of these seven experiments, measurements are
recorded on sunny, calm days. In the other four experiments,
we record several hours of RSS before, during, and after light
to heavy rainfall. The experiments at the school and at the
natural area are performed during times of wind with gusts up
to 5.4 m/s measured by an anemometer. Since weather events,
such as rain, cause time-varying changes in RSS, we expect
that classifiers would perform the worst during these times.
As a result, we purposefully chose to over-represent periods
of rain so that we could learn more about the system when
classification was most challenging. In all, 77.6 hours worth
of RSS measurements are recorded over the nine experiments.
For each of the nine experiments, a person crosses the
boundary at least 100 times and he or she records the crossing
time and the short segment crossed. In most cases, ten seconds
separate each of the crossings, although as much as 60 s
elapse between some crossings to ensure the crossing times are
properly logged. Data is then recorded for a time period when
no one crosses the boundary, but when there may be activity
near the boundary. An experiment lasts anywhere from one to
fifteen hours. During this time, a rain meter and/or anemometer
are used to collect the amount of rainfall and the wind speed
near the deployment. We use these data sets to analyze the
performance of each classifier during different weather events.
2) Experiments for Real-time System: Two types of experiments are performed in the real-time system, which is
deployed for three months in the field location. As the realtime system runs, we perform controlled tests where we record
the time and location of 2887 boundary crossings. We then
compare the true crossing times with the images saved to file
on the BeagleBone Black. The second type of experiment we

C. Validation Metrics
Each classifier may produce false alarms or misclassify
the true crossed short segment. A false alarm occurs when,
at any observation, the boundary is vacant, i.e. j = 0, but
the classifier reports ĵ 6= 0. We compute the probability of
false alarm, Pf a , by counting the number of false alarms and
dividing it by the total number of samples measured when
no person is crossing the boundary. Next, a classifier makes
a correct classification ĵ = j for j 6= 0. In the experiments,
we record the ground truth time of crossing and the short
segment crossed. Due to small errors in the recorded true time
of crossing and many samples worth of delay in the baseline
classifier algorithms, a classifier may report the correct j but
at a delayed time compared to the true crossing. To be fair
to all classifiers, a correct classification in our paper occurs
when ĵ = j for j 6= 0 at any time during a ±3 second
time window. The probability of correct classification, Pcc , is
thus the number correct classifications divided by the number
of boundary crossings. We show an example of the HMMC
output for a short test experiment in Fig. 6. In this short
experiment, the HMMC achieves a Pcc = 10/10 classification
rate and produces no false alarms, Pf a = 0.
None of the classifiers we implement are able to achieve
the ideal of Pcc = 1 and Pf a = 0 over all experiments.
Instead, compromises must be made so that a classifier’s
tunable parameters are selected to penalize one type of error
more than the other. For example, in some scenarios, missing
a classification may cost e1000 in stolen goods while a
false alarm may only cost e100 to have a worker turn on
a video-surveillance system. In a different scenario, a false
alarm may waste e1000 in man-power and fuel to investigate
a distant boundary, while a misclassification may only cost
e100. To quantify the tradeoff between the probability of
misclassification, 1 − Pcc , and Pf a , we define a cost function
Ck :
Ck = ck0 · Pf a + ck1 · (1 − Pcc )
(8)
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where k is the cost function number. The choice of ck0 and
ck1 quantify the cost of each type of error.
IV. R ESULTS
A. Sensitivity to Parameter Choice
Our classifiers rely on the selection of three tunable parameters. One important feature of our work is that few parameters
need to be adjusted to maintain a high performance. With few
parameters to adjust, this system can be deployed quickly.
In this section, we show how the choice of the parameters
affects the performance metrics described in Section III-C.
We evaluate performance using the data in post-processing by
averaging over all seven data collection experiments, and over
all four channels, but using one channel at a time.
1) Link Line Model Parameters: Section II-B describes the
Gaussian models we use for the distributions of RSS when a
person is off or on a link line. In this section, we vary the
model’s tunable parameters ∆, η, and ω. We observe in Fig.
7 the affect of η and ω and ∆ = 5 on performance. In Fig. 7,
we observe a few trends that are common to both the MLC
and the HMMC. First, when η increases, both Pcc and Pf a

increase. The η parameter determines the scale of the on link
line distribution. A higher η, and thus a wider “on link line”
pmf, favors RSS observations coming from the on link line
distribution for all links. As a result, we are more likely to
correctly classify crossings. But we also increase the chance
of misclassifying boundary crossing locations. This trade-off
does not seem to be as significant with the choice of ω. When
using either the classifier, the user must consider the cost of
false alarms and misclassifications when choosing η. Although
we have included figures for ∆ = 5, we found that ∆ should
remain between 3 and 7 for best results. For ∆ < 3, the on
and off link line distributions are considerably overlapped and
cause a low classification rate. For ∆ > 7, the on link line
distribution falls too far away from the observations to reliably
classify crossings.
Another important observation from Fig. 7 is the effect
of the classifier on performance. The MLC shows a higher
variability in Pf a than for the HMMC. Over the parameters
tested, the highest false alarm probability for HMMC is
Pf a = 7 × 10−5 whereas MLC reaches Pf a = 2.5 × 10−4 .
We suspect that this difference is because the HMMC tends
to smooth out crossing detections by placing a prior on the
observation likelihood. This smoothing characteristic tends to
reduce the number of false alarms. However, the smoothing
characteristic on the HMMC also reduces the probability of
correct classification compared to MLC. The HMMC achieves
a maximum of Pcc = 0.9968 while the MLC achieves a
maximum Pcc = 0.9978. The HMMC is, in general, better
when the application asks for few false alarms, but the
MLC is more accurate when the application demands a high
classification rate.
2) One-step Transition Probabilities: Both the MLC and
the HMMC rely on the likelihood model (4) to perform
classification. However, the HMMC also makes use of the
one-step transition probabilities aij for 0 ≤ i, j ≤ N − 1.
These are additional parameters that the user must select
when implementing the HMMC, so we would like to know
how performance responds to the choice of these transition
probabilities. In Section II-D, we described how the transition
probabilities could be defined in terms of a00 and ajj for
j 6= 0. We loop over many values for these parameters and
record Pcc and Pf a for the HMMC. We observe in Fig. 7 the
affect of a00 and ajj on performance.
In Fig. 7, we observe distinct features common to both Pf a
and Pcc . First, the general trend shows that as a00 increases,
Pcc decreases while Pf a increases. When a00 is small, we
increase the probability that on the next RSS observation, the
HMM will transition from S0 to Sj for j 6= 0. The model
favors leaving S0 . Thus, we observe a high Pcc and a high
Pf a . However, when a00 is high, the model favors staying in
S0 . Thus we observe fewer false alarms but also fewer correct
classifications. The opposite trend is true for ajj : Pcc and Pf a
tend to increase as ajj increases. A small ajj favors transitions
to S0 if the HMM is currently in state Sj for j 6= 0. In this
case, it is likely the HMMC will result in ĵ = 0 which yields
a low Pf a and Pcc . However, when ajj is large, the model

favors staying in Sj for j 6= 0 on the next observation. As a
result, we observe increases in both Pcc and Pf a .
One very distinct part of the relationship between Pf a ,
Pcc , and the transition probabilities is the contour between
the relatively flat sections and steep sections. The flat regions
suggest that when a00 and ajj are appropriately chosen, the
transition probabilities carry much less significance in the classification process. But poorly chosen transition probabilities
can be significantly detrimental by causing a sharp increase
in Pf a without a equally significant increase in Pcc . The take
away from this analysis is to choose a00 and ajj inside of the
flat region to avoid costly increases in Pf a .
B. Classifier Comparison
In this section, we compare the performance of the proposed
and baseline classifiers discussed in Section II-F. We foresee
two kinds of deployments in which one may implement any
of these classifiers. In the first type of deployment, the system
remains in the same location and the user has time to tune the
parameters of the classifier. A person who wishes to monitor a
relatively short boundary and never moves the nodes may fall
in this category. In the second type of deployment, the user
must quickly deploy the system in any type of environment,
and there is no time to tune the classifier parameters. This
situation may be common to a group who must protect
miles of boundary and tuning parameters would require an
inordinate amount of time. In either case, we are interested in
implementing the classifier with the best performance.
In the following sections, we show the performance of all
six classifiers when we are able to tune their parameters. Then,
using the parameters that provide an optimal performance, we
show how these classifiers perform when the system encounters a variety of weather conditions and when it is moved to
a new location. By doing so, we analyze the performance of
each classifier when no parameter tuning is performed.
1) Performance with Tuning: We begin by running the six
classifiers on the data from the seven field experiments on each
of the four channels individually. For each classifier, we loop
through several combinations of parameter values and record
the average Pcc and Pf a over the four channels. We show the
results of this process in Fig. 8.
The ROC shows the relationship between Pcc and Pf a
as the classifier parameters change. Even though none of
the classifiers achieve the ideal of Pcc = 1 and Pf a = 0,
some classifiers are able to approach this ideal better than
others. The first observation is that NC performs the worst
of the classifiers. The performance of NC suffers since the
“on link line” training measurements collected on the first
day gradually drift. The NC tends to have few false alarms
since the histograms associated with j = 0 (off link line) are
being updated. As new measurements are observed, the new
measurements will tend to match the measurements from these
updated histograms more than the histograms associated with
a person moving on a short segment.
We also observe that the SC does not perform as well as
the other classifiers. We suspect that this is because the SC

does not incorporate the measurements from the longer links
of the network for classification. Next, we compare the final
4 classifiers. The inset of the ROC in Fig. 8 shows that RTIC,
CCC, HMMC, and MLC all come close to achieving the ideal.
However, MLC and HMMC appear to come closest to the
ideal, followed by the CCC and then the RTIC. Although
the CCC, which relies on binary measurements, outperforms
the RTIC, it is outperformed by both MLC and HMMC. The
proposed classifiers differ from the CCC in that they use soft
values in classification whereas the CCC uses binary values.
To get a better sense of how these classifiers compare, we
fix the classification rate to be Pcc = 0.995 and find the
lowest false alarm rate for each classifier. We then fix the
false alarm rate to be Pf a = 5.0 × 10−5 and find the lowest
misclassification rate for each classifier. We show the results
in Table I. We observe that for a fixed Pcc , the MLC and the
HMMC outperform the CCC by one order of magnitude and
the SC by four orders of magnitude. For fixed Pf a , the MLC
and the HMMC outperform the CCC and RTIC by an order
of magnitude and the SC by two orders of magnitude.
We have only considered the case of measuring RSS on one
channel. Now we analyze the performance of the MLC and the
HMMC when RSS is measured on four channels. We again
run the MLC and HMMC with many parameter combinations
on the data from the seven field experiments. For many of
these parameter combinations, the MLC and HMMC both
achieve 100% classification of all 901 boundary crossings. The
MLC and HMMC, in terms of misclassification, is therefore

1.000

TABLE II: Perf. vs. Channels for Fixed Pf a = 2.5 × 10−5
1 channel 1 − Pcc
4 channel 1 − Pcc

MLC
1.37 × 10−2
< 1.11 × 10−3

HMMC
2.80 × 10−2
< 1.11 × 10−3

no greater than 1/901 = 1.11 × 10−3 . We show in Table II
that, for a fixed Pf a = 2.5 × 10−5 , the classifiers that operate
on RSS measurements from four channels reduces the misclassification rate by at least one order of magnitude. Although the
additional channels provide even better performance than for
a single channel, this advantage must be weighed against the
increased power usage to transmit on the additional channels.
When power consumption must be minimized, measuring on
one channel reduces the power usage by 75% compared to a
network that measures on four channels.
2) Performance Without Tuning: In the previous section,
we analyzed the performance of all six classifiers in the case
when we were able to tune their parameters for a deployment
in one location. In this section, we consider the case where
the parameters for each classifier have already be optimized
to meet some specification. We then test the performance of
these classifiers in a variety of weather conditions and at
different experimental locations. By doing this, we analyze
how each classifier performs in a variety of environments when
the parameters are fixed. Next we describe the data sets we
use and how we choose optimal parameters for each classifier.
Different from the previous sections, we organize data-
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Fig. 7: Effect of link line obstruction model parameters on MLC and HMMC (a)-(d); and one-step transition probabilities on
HMMC performance (e)-(f).
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TABLE I: Classifier Performance for Fixed Pcc or Pf a
Pf a for fixed Pcc = 0.995
1 − Pcc for fixed Pf a = 5.0 × 10−5

MLC
3.05 × 10−5
3.33 × 10−3

HMMC
4.11 × 10−5
3.61 × 10−3

collection experiments by the type of weather condition: sun,
rain, wind, and all-weather which are mentioned in Section
III-B. The all-weather group is the sun, rain, and wind data
combined into one. Note the wind data is composed of data
collected at the school and at the natural area. The sun and
rain data, however, come from only the field location. For
each weather type, we separately log the number of correct
classifications, the number of true crossings, the number of
false alarms, and the total number of RSS observations in
the four types of weather conditions. We run all classifiers
except the NC on each channel separately and then average
the number of correct classifications and the number of false
alarms for all four channels. We obtain Pcc and Pf a for each
classifier in each weather condition. We note here that we
do not consider the performance of the NC since we saw
in the previous section that it is unable to achieve a high
classification rate; furthermore, retraining such a classifier, in
many situations, would be too costly.
Next, two sets of optimized parameters for each classifier
are chosen through an optimization process. Using the Pcc and
Pf a results from Section IV-B1, we record the parameters that
minimize two cost functions, C0 and C1 , defined in (8). The
cost function C0 penalizes false alarms the most by setting
c00 = 1000 and c01 = 100. The optimal parameters for each
classifier with this cost function would be ideal for situations
where the cost of investigating a boundary crossing costs
time and resources. On the other hand, the cost function C1
penalizes misclassifications the most by setting c10 = 100 and

CCC
4.58 × 10−4
5.80 × 10−2

RTIC
7.10 × 10−2
9.16 × 10−2

SC
2.04 × 10−1
> 2.50 × 10−1

c11 = 1000. The optimal parameters for each classifier with
this cost function would be ideal for situations where knowing
the true crossing state is imperative while risking the chance
of some false alarms is allowable.
Using the optimized parameters, we run the classifiers on all
four weather data sets and record Pcc and Pf a . We use these
new Pcc and Pf a values to compute new cost values, C00 and
C10 , using the same ck0 and ck1 , for each classifier and each
weather condition. We show these new costs of running each
classifier on the data sets mentioned above in Fig. 9.
In Fig. 9, we observe, first, that the SC performs the
worst in all weather conditions regardless of the optimized
parameters used. The SC does not make use of all of the RSS
measurements in this network configuration so it performs the
worst. The best classifiers are the CCC, MLC, and HMMC
when comparing the sun, rain, and all-weather data and in both
optimized regimes. But in both optimized regimes, either the
MLC or the HMMC perform the best. The numeric values for
the CCC, MLC, and HMMC costs are shown in Table III. The
HMMC performs the best in these three weather conditions
when the parameters are optimized to reduce false alarms.
The HMMC showed this property in Section IV-A1 where
compared to the MLC, the HMMC was a better classifier
for reducing false alarms. In contrast, the MLC outperforms
the HMMC in the all-weather and rain conditions when we
optimize parameters for correct classifications. The HMMC
and the MLC are both comparable in the sunny weather.
Again, this characteristic of the MLC appeared in Section
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the update feature enabled lowered the cost by 1 to 2 orders
of magnitude with the sun data and lowered the cost by 2 to
3 orders of magnitude with the rain data compared to these
classifiers when the update feature was disabled.
From this analysis, we draw a few conclusions about our
classifiers. First, the on-line model update feature is necessary
to operate reliably during weather events. Second, when we
take all weather conditions (sun, rain, and wind) into account,
the MLC is the best classifier when correct classifications
are important, but the HMMC is the best classifier when
minimizing false alarms. However, it is advantageous to use
the RTIC in windy conditions when correct classification
is needed; the MLC, however, is the best choice in windy
conditions when false alarms must be minimized.

TABLE III: Numeric Cost Values

MLC
HMMC
CCC

All
1.93
1.11
1.62

C00
Sun
0.56
0.34
0.50

Rain
0.79
0.43
1.18

All
3.04
5.59
3.52

C10
Sun
2.69
2.63
3.12

C. Relative Costs
Rain
0.83
3.19
3.96

IV-A1 where compared to the HMMC, it was the superior
classifier for correct classification.
We also see that the CCC is the second best classifier in
many of the weather conditions and optimization regimes. This
comes at little surprise in that the ROC curve in Fig. 8 showed
the CCC was only slightly less accurate than the HMMC and
MLC. Perhaps the more surprising result is that the RTIC is
the best classifier in windy locations and when optimizing for
correct classifications. And, since the windy data sets were
performed at two different locations, the RTIC performs the
best out of the classifiers when the system is moved to new
locations and when the classifier parameters are fixed. The
MLC, however, is the best choice in windy conditions when
we want to minimize false alarms.
We separately obtain cost values for the MLC and the
HMMC when we disable the on-line model update feature.
In both the C00 and C10 regime, the MLC and HMMC with

In this evaluation, we compare the costs of using the MLC
and the HMMC by optimizing their parameters over many cost
functions (8). In the previous section, we considered cases
where the cost of a misclassification or a false alarm was
ten times as costly as the other rate. However, there are an
infinite number of cost parameters ck0 and ck1 a user may
want to consider. To address this, we consider a relative cost
Crel which is a function of a ratio of the cost parameters where
one of the cost parameters is fixed. In this section, we fix ck0 =
1000 and vary ck1 to be values between 1 and 100, 000. Using
the results from Section IV-B1, we then obtain the parameters
for the MLC and the HMMC that minimize Crel . We then run
the MLC and the HMMC using their optimized parameters on
the all-weather data described in IV-B2 to obtain values for
Pcc and Pf a . These rates are then used to compute new relative
0
costs Crel
. We show the new relative costs in Fig. 10.
We observe that when the cost of a misclassification is 2 or
more times as expensive as the cost of a false alarm, the MLC
can save more in cost compared to the HMMC. When the cost
parameter ratio is in this regime, the classifier parameters are
optimized to minimize misclassifications. When the cost parameter ratio, however, is less than 0.2, the HMMC generally

reduces the overall cost. When the cost parameter ratio is in
this regime, the parameters are optimized to minimize false
alarms. Due to limited space we do not include plots, but the
same general results are seen in the sun and all-weather data
sets. In windy conditions, the MLC is the preferred classifier
regardless of cost ratio.

D. Real-Time Performance
In this final evaluation, we report the results of the realtime, three month deployment. We captured webcam images
of when the system detected a boundary crossing during both
controlled and uncontrolled periods. During the controlled
experiments, a person crossed the boundary 2887 times. Of
those crossings, 81.6% were correctly classified by the realtime HMMC. We note that the classification rate is 18% less
than what is reported in the previous sections. Further investigation of the real-time system showed that approximately
one out of six seconds worth of RSS measurements was not
recorded by the BeagleBone Black. During the one second
of missing measurements, the BeagleBone requests weather
data from a website and saves it to file. We did not anticipate
that the web request and saving would result in missed RSS
measurements when we deployed the real-time system. As
a result, 1/6 or 16.6% of the RSS measurements during a
crossing were missing. This percent of missed measurements
gives some explanation about the 18% lower classification rate
between the real-time and post-processing results.
After changing the real-time system to refrain from requesting weather data, we run the real-time system for an additional
five days, during which, a person crosses the boundary 1502
times. All 1502 crossings were correctly classified, which
indicates that the probability of misclassification 1−Pcc is less
than 1/1502 = 6.7 × 10−4 . This classification performance
matches values reported for post-processing in Section IV-B1.
During the three month long uncontrolled deployment, the
real-time system operated continuously during sunny, rainy,
and windy weather. In all, 850 boundary crossing locations by
people and animals were correctly classified. The true classification rate is unknown, however, because the total number
of true crossings during the uncontrolled period is unknown.
The system also reported 298 false alarms. Roughly 69 million
RSS measurements were taken during this deployment, which
results in a false alarm probability of 4.3 × 10−6 , or an average
of 3.7 false alarms per day. We note that this rate is lower
than the lowest 21.6 false alarms per day average achieved
in post-processing. To reduce this rate, another row of nodes
could be deployed to verify crossing detections. For example,
the extra nodes could be placed at lower or higher heights
or they could be deployed parallel to the first row of nodes.
This adds yet another layer of redundancy to mitigate errors.
We also found that false alarms were more likely to occur
during weather events. False alarms could be further reduced
by ignoring RSS measurements that have the same signature
as those cause by wind or rain.

V. R ELATED R ESEARCH
Outdoor boundary crossing localization using sensing systems has been a topic of research for many years. Since it
cannot be assumed that the boundary crosser carries a tag
that cooperates with the sensing system, boundary crossing
localization typically revolves around DFL technologies. The
sensing devices, however, vary considerably. Proximity sensors
have been widely used. For example, significant research has
been conducted using passive infrared (PIR) sensors for outdoor localization [20], [21] where the sensors detect thermal
radiation from a person. These studies have investigated not
only the localization algorithms [20], but also their energy
efficiency [21]. A major disadvantage of PIR sensors is that
they lose the ability to track moving objects in forested or
vegetated landscapes where obstructions occlude the sensors’
field of view. In addition, PIR sensors’ performance suffers
during daylight times when the infrared radiation from the
sun saturates the sensor. Cameras have also been proposed as
a sensing technology for boundary surveillance [22]. When
boundaries are monitored day and night, cameras become
useless at night or in fog when it is not possible to image and
thus detect and localize boundary crossers. Moreover, cameras
mounted on aerial units cannot image objects that are occluded
from above, e.g. by a forest canopy.
Fiber optic and pressure sensors have been used in boundary
security applications to detect when a person’s footsteps [23].
These sensors are either buried underneath the boundary or are
strung along a fence. Installing buried sensors involves heavy
equipment digging up earth. Maintenance also poses a problem
since the cable must be unearthed for visual inspections and to
perform repairs. Pressure sensors strung along the fence first
requires the fence which is economically costly operation.
In contrast, RF signals, which we use in this paper, operate
day and night, can pass through leaves and other vegetation,
and can operate during fog and other weather conditions. The
sensors are easily deployed, can be easily maintained, and
do not require a fence to perform sensing. One type of RF
sensing includes radar which has been used to detect human
presence in wooded areas [24]–[26] and even distinguish
human presence from a soldier and a vehicle [27]. We note
one well-reported commercial radar system used for boundary
crossing localization produced false crossings during weather
events and only worked 30% of the time [26], [28]. Radar
uses a signal whose power decays with distance d as 1/d4 ,
thus transmit power must be increased dramatically to increase
sensing range. Our work closely matches other DFL methods
that measure changes in the channel of RF links and whose
power decays as 1/d2 . These methods have been heavily
tested in indoor environments.The work in [6] is optimized
for linearly deployed nodes, but no testing is performed
during weather events. Furthermore, [6] uses binary link line
crossings. We show that methods using soft link line crossing
measurements outperform localization methods that use hard
crossing decisions. The methods we develop in this paper are
optimized for linearly deployed sensors, and we show that they

outperform current DFL technologies. Additionally, our model
update feature allows us to achieve low error rates despite
weather-induced propagation changes.
VI. C ONCLUSION
In this paper, we developed and tested two RSS-based
crossing segment classifiers to localize boundary crossings.
These classifiers used models whose parameters could be reestimated from a history of RSS to adapt to changes caused by
weather events. We evaluated our classifiers from experiments
performed in three locations and in a variety of weather
conditions. Using 77.6 hours worth of RSS measurements,
we analyzed our classifiers in terms of sensitivity to system
parameters. We found that the HMMC is better when the
application asks for few false alarms, but the MLC performs
better when the application demands a high classification rate.
When we compared the MLC and HMMC to four baseline
classifiers, we found that the MLC and HMMC outperformed
the other classifiers by 1 to 4 orders of magnitude in terms
of false alarm probability. We also showed that the MLC and
HMMC were the best classifiers in sunny, rainy, windy and in
overall weather conditions when we fixed the classifier parameters to avoid false alarms. In addition, the MLC was more
accurate than the HMMC when parameters were optimized
to minimize misclassifications. Our three-month duration realtime six node boundary crossing system deployment achieves
high reliability, with a misclassification rate of less than
7 × 10−4 and false alarm rate of 4 × 10−6 . In summary, using
an MLC and HMMC algorithm on RSS data from a linearlydeployed network provides highly reliable boundary crossing
localization across a variety of weather conditions and in
multiple locations. We demonstrated that these classifiers can
perform better than baseline DFL classifiers by tuning system
parameters or using fixed, optimized parameters.
ACKNOWLEDGMENT
This material is based upon work supported by the National Science Foundation under Grant Nos. #1407949 and
#1035565.
R EFERENCES
[1] M. Thomas, “Over 35,000kg mangoes stolen from orchards - the times
of india,” 2015. [Online]. Available: http://timesofindia.indiatimes.com/
city/surat/Over-35000kg-mangoes-stolen-from-orchards/articleshow/
47573009.cms
[2] J. Wilson and N. Patwari, “Radio tomographic imaging with wireless
networks,” Mobile Computing, IEEE Transactions on, vol. 9, no. 5, pp.
621–632, May 2010.
[3] K. Woyach, D. Puccinelli, and M. Haenggi, “Sensorless sensing in
wireless networks: Implementation and measurements,” in 2006 4th Int.
Symp. Model. Optim. Mobile, Ad Hoc Wirel. Networks, WiOpt 2006,
2006.
[4] M. Youssef, M. Mah, and A. Agrawala, “Challenges: device-free passive
localization for wireless environments,” in Proceedings of the 13th
annual ACM international conference on Mobile computing and networking. ACM, 2007, pp. 222–229.
[5] R. Beckhusen, “Homeland security delays plan to place sensors on
u.s.-mexico border,” 2013. [Online]. Available: http://www.wired.com/
2013/02/border-sensors/

[6] P. Hillyard, N. Patwari, S. Daruki, and S. Venkatasubramanian, “You’re
crossing the line: localizing border crossings using wireless rf links,”
IEEE Signal Processing and SP Education Workshop (SPW-2015), 2015.
[7] M. H. Hashim and S. Stavrou, “Measurements and modelling of wind
influence on radiowave propagation through vegetation,” IEEE Trans.
Wirel. Commun., 2006.
[8] K. Bannister, G. Giorgetti, and S. K. Gupta, “Wireless sensor networking
for hot applications: Effects of temperature on signal strength, data
collection and localization,” in Proceedings of the 5th Workshop on
Embedded Networked Sensors (HotEmNets 08). Citeseer, 2008.
[9] J. Thelen, D. Goense, and K. Langendoen, “Radio wave propagation
in potato fields,” in 1st Workshop on Wireless Network Measurements,
vol. 2, 2005, pp. 331–338.
[10] P. Hillyard, “Border crossing data,” 2016. [Online]. Available:
https://sites.google.com/site/peterhillyard/home/border-crossing-data
[11] O. Kaltiokallio, M. Bocca, and N. Patwari, “A fade level-based spatial
model for radio tomographic imaging,” IEEE Trans. Mob. Comput.,
vol. 13, no. 6, pp. 1159–1172, 2014.
[12] Y. Zheng and A. Men, “Through-wall tracking with radio tomography
networks using foreground detection,” IEEE Wirel. Commun. Netw. Conf.
WCNC, pp. 3278–3283, 2012.
[13] J. Wilson and N. Patwari, “A Fade-level skew-laplace signal strength
model for device-free localization with wireless networks,” IEEE Trans.
Mob. Comput., vol. 11, no. 6, pp. 947–958, 2012.
[14] H. Hashemi, “A study of temporal and spatial variations of the indoor
radio propagation channel,” in PIMRC-94, vol. 1, Sep 1994, pp. 127–
134.
[15] L. Rabiner, “A tutorial on hidden Markov models and selected applications in speech recognition,” Proc. IEEE, vol. 77, no. 2, pp. 257–286,
1989.
[16] L. E. Baum, J. A. Eagon et al., “An inequality with applications to
statistical estimation for probabilistic functions of markov processes and
to a model for ecology,” Bull. Amer. Math. Soc, vol. 73, no. 3, pp. 360–
363, 1967.
[17] M. G. Pelletier, S. Karthikeyan, T. R. Green, R. C. Schwartz, J. D.
Wanjura, and G. A. Holt, “Soil moisture sensing via swept frequency
based microwave sensors,” Sensors, vol. 12, no. 1, pp. 753–767, 2012.
[18] M. Seifeldin, A. Saeed, A. E. Kosba, A. El-Keyi, and M. Youssef,
“Nuzzer: A large-scale device-free passive localization system for wireless environments,” Mobile Computing, IEEE Transactions on, vol. 12,
no. 7, pp. 1321–1334, 2013.
[19] D. Molloy, “Beaglebone: Video capture and image processing
on embedded linux using opencv,” 2015. [Online]. Available:
http://www.youtube.com/watch?v=8QouvYMfmQo
[20] S. Kumar, T. H. Lai, and A. Arora, “Barrier coverage with wireless
sensors,” in Proceedings of the 11th Annual International Conference
on Mobile Computing and Networking, ser. MobiCom ’05. New York,
NY, USA: ACM, 2005, pp. 284–298.
[21] T. Yang, D. Mu, W. Hu, and H. Zhang, “Energy-efficient border
intrusion detection using wireless sensors network,” EURASIP Journal
on Wireless Communications and Networking, vol. 2014, no. 1, 2014.
[22] Z. Sun, P. Wang, M. C. Vuran, M. A. Al-Rodhaan, A. M. Al-Dhelaan,
and I. F. Akyildiz, “Bordersense: Border patrol through advanced
wireless sensor networks,” Ad Hoc Networks, vol. 9, no. 3, pp. 468
– 477, 2011.
[23] X. Li, Q. Sun, J. Wo, M. Zhang, and D. Liu, “Hybrid tdm/wdm-based
fiber-optic sensor network for perimeter intrusion detection,” Lightwave
Technology, Journal of, vol. 30, no. 8, pp. 1113–1120, April 2012.
[24] D. Tahmoush and J. Silvious, “Remote detection of humans and animals,” in Applied Imagery Pattern Recognition Workshop (AIPRW), 2009
IEEE, Oct 2009, pp. 1–8.
[25] R. Lane and S. Hayward, “Detecting personnel in wooded areas using
mimo radar,” in Radar Systems, 2007 IET International Conference on,
Oct 2007, pp. 1–5.
[26] M. Chishti and C. Bergeron, “Virtual border fence given mixed assessment in first test,” Washington, DC: Migration Policy Institute, 2008.
[27] A. Arora, P. Dutta, S. Bapat, V. Kulathumani, H. Zhang, V. Naik,
V. Mittal, H. Cao, M. Demirbas, M. Gouda, Y. Choi, T. Herman,
S. Kulkarni, U. Arumugam, M. Nesterenko, A. Vora, and M. Miyashita,
“A line in the sand: A wireless sensor network for target detection,
classification, and tracking,” Comput. Netw., vol. 46, no. 5, pp. 605–
634, Dec. 2004.
[28] B. Krawczeniuk, “Carney focuses on illegal immigration,” 2008.
[Online]. Available: http://bit.ly/1nwEt2v

