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1 Abstract:

One of the important components of a
multi sensor “intelligent” room, which can
observe, track and react to its occupants, is a multi
camera system. This system involves the
development of algorithms that enable a set of
cameras to communicate and cooperate with each
other effectively so that they can monitor the
events happening in the room. To achieve this, the
cameras typically must first build a map of their
relative locations. In this paper, we discuss RF and
vision based techniques for estimating distances
between cameras. The algorithm proposed for RF
can estimate distances with relatively good
accuracy even in the presence of random noise.
We have also described a vision-based algorithm
for localization using stereovision techniques. This
algorithm can compute the location of the camera
given the location of a calibration object and vice
versa.

2 Introduction:

Security in homes, offices, schools and
buildings is a growing concern in the current
world scenario. Camera surveillance systems can
act as pre-emptive safety measures that can
register any suspicious activity and take necessary
action. The applications for such surveillance
systems range from indoor deployments, to
parking  structures, military and defense
applications. They can also be used for object
tracking and monitoring applications.

In the current room surveillance systems,
the video data from the cameras are archived in a
main server. They operate continuously and send
the information to a centralized server. This results
in a very large amount of information. Much of the
video data analysis is currently done by a human
observer; this is tedious, time consuming and error
prone. Archiving and storing these clips is a very
big concern. In addition each camera performing
this operation is oblivious of the kind of
information the other camera is gathering resulting

in redundancy. For a larger deployments, the load
on the centralized server increases and might
result in single point of failure if the server crashes.

Thus there is a need to build a system,
which filters out the redundant data and sends only
the interesting video clips to the server. In addition
the cameras can share the computation work by
talking to each other and the central server. The
key to building such a system is the development
of an automated camera localization system and
efficient inter-camera communication protocols
which enable the cameras to perform intelligent
handoffs when a target moves out of a camera’s
range. The cameras can also be considered as
sensors deployed indoors, in an ad-hoc manner
sensing objects or movements. The main
difference being, that unlike traditional sensors,
the cameras are not power restricted and can have
small processors on them. Thus, the camera
localization problem is very similar to the
localization problem in wireless sensor networks.
In current systems, the camera localization process
is done by manually measuring the locations of the
individual cameras. The focus of this work is to
explore ways to automate this process.

The rest of the paper is organized as
follows. Section 3 lists the related work. In section
4 an algorithm for localization using RF signal
strength measurements and the results obtained
from our experiments are described. Section 4.1
gives a detailed description of the algorithm,
Section 4.2, discusses the experimental setup used
to validate the algorithm. In Section 4.3, the
results and observations from these experiments
are presented. Vision based localization
techniques and the issues faced in such systems
are discussed in section 5. Finally the conclusion
and future work are presented in section 6.

3 Related Work:
A significant amount of research has been
carried out for inter-node localization in wireless

sensor networks using RF [1, 2, 3, 4, 5], ultrasonic
[6, 8], IR [7, 11, 12] and optical [9] media.



RF based localization can be done over
longer distances and also in non line-of-sight
conditions. Besides, there are a lot of cheap off-
the-shelf components that can be used. A very
important characteristic of radio propagation is
that increasing distance results in attenuation of
the radio signal. The various radio propagation
models are discussed in [10]. However, radio
transceivers have relatively complex circuits and
hence consume lot of power; in addition the
received signal strength varies due to diffraction,
refraction, reflection and multi path fading.
Because of these problems, distance estimates
based on the radio propagation models are not
very accurate. The algorithm that we present in
this paper for RSSI based localization, provides a
method by which we can eliminate the effects of
noise by taking multiple signal strength
measurements instead of just one.

Our work on RF based localization is
closest to the work done in [1]. In RADAR [1], the
authors perform a similar task of estimating
distance based on signal strength in indoor
environment. Three base stations are used for this.
The distance is computed from the received signal
strength by applying a Wall Attenuation Factor
(WAF) based on signal propagation model. The
distance information is then used to locate a user
by triangulation. The major draw back of this
technique is that for applying WAF, complete
information of the obstructions, number of walls
should be known. As a result of which, it is not
scalable.

The key difference between [1] and our
technique is that RADAR attempts to track the
location of people based on instantaneous signal
strength measurements. On the other hand, in our
algorithm the camera or node computes a
weighted average based on signal strength
measured over a period of time after eliminating
noisy readings. The distance is then estimated
from this weighted average.

The authors in [2] use a simple
connectivity metric for localization in an outdoor
environment. This localization algorithm makes
strong assumptions about the radio model and
symmetric distribution of reference nodes. In
addition, it performs well in an uncluttered
outdoor space. If the beacon interval is small it
might result in network congestion and packet
loss.

Other media such as Ultrasound can also
be used for localization. In [6], the transmitters
and receivers are synchronized by RF and ranging
is done by ultrasound. [2] shows that ultrasonic
localization does not perform well in outdoor
conditions, since chances for interference from
other ultrasound equipment increases. The cricket
system [8] developed as a part of the MIT Oxygen
Project [14] has developed a method for distance
estimation using a combination of ultrasonic and
RF devices. [15] gives a complete description of
the RF/ultrasonic transceivers and the mathematics
behind direction and distance estimation. This and
other related works [4,5] indicate that distance
estimates can be made with relatively high
accuracy using a combination of RF and ultrasonic
transceivers.

[7] discusses an IR based localization
system in which, each person or object is tagged
with an Active Badge which emits an IR pulse
every 10 seconds. The sensors placed within the
building receive this pulse and the location
manager software calculates the object’s location.
Similar work is done in [11]. IR localization can
be performed only in line of sight conditions.
Hence, it is not ideal for camera localization
because the cameras deployed will have distances
in the order of meters and each camera might not
be able to see the others.

Vision techniques are very common in
mobile robot localizations. The authors in [11]
discuss localization of mobile robots from visual
information. They also use intensity as a metric for
localization. [18] describes an image retrieval
system based on features that are invariant with
respect to image translations, rotations, and
limited scale. [19] presents a fast self-localization
approach in which the vision system extracts
features for localization without processing the
whole image and is a first step towards
independence of lighting conditions.

4 RSSI Based Localization Algorithm:

In this section we propose an RF based
localization algorithm, which can produce
reasonably accurate distance estimates even in the
presence of noise. This algorithm is based on the
observations derived from our experimental data,
which indicate that although there is significant
instantaneous variation in received signal strength
at a particular location due to random noise, over a



period of time the values observed tend to stabilize
with respect to past measurements. Although the
primary motivation of this work is to devise
methods to automatically localize cameras
deployed in a room, the ideas presented in this
section are fairly generic. In our application we
plan to implement them by placing radio
transceivers on the cameras and then running the
localization algorithm.

Decide order in which nodes
transmit RF pulses

N

Each node sends RF pulse to other
nodes in the allotted time slot.

v

Receiving nodes run the adaptive
bucketing algorithm on signal
strength for each node it hears from.

Repeat
N Times

Based on the signal strength after

the algorithm is run N times, the

node computes its distance from
other nodes.

v

Do trilateration, to build a relative
map

Figure 1: Localization Algorithm

4.1 Localization Algorithm:

The basic idea behind the proposed
localization algorithm is to collect a set of signal
strength measurements from each node, eliminate
noisy outlier measurements in this set and then use
the mean of the signal strengths from the
remaining measurements to estimate the distances.
Figure 1 describes the details of the proposed

localization algorithm. Initially, the system
decides the order in which the nodes transmit the
signals. In our particular application, since the
number of nodes is quite small (~5-10 cameras),
we can manually configure the order. However, in
large-scale deployments or in applications in
which the nodes are physically inaccessible,
deciding this order manually is infeasible. In these
large-scale cases, we can use a technique similar
to the CSMA/CD protocol that is widely used in
networks. Here, each node tries to get the first
position and transmits a pulse. If it senses that its
signal is corrupted by signals from other nodes, it
backs off for a random amount of time and tries to
transmit again. The node, which first gets to
transmit successfully, gets the first slot. This
process is repeated until all the other nodes get
their respective slots. We can reduce the energy
costs involved in this process by adopting a
clustering mechanism in which the nodes in a
cluster decide the order, then the cluster heads
decide the order amongst themselves and so on.

Once the order is decided, each node
transmits an RF pulse in its allotted time slot while
the other nodes listen. This process is repeated N
times, where N is a protocol parameter. Thus, each
node has N readings from every other node. An
important thing to note here is that, choosing the
value of N involves a tradeoff between accuracy
and the energy and time costs involved since more
measurements increase accuracy but require more
time and energy. Statistically speaking, the effect
of random noise is less pronounced if we have a
large number of readings. However, a large value
of N implies a greater time taken for localization
and hence greater energy costs. Although in our
specific application energy is not a constraint, we
would still want to choose an optimal value of N
so that we can perform localization quickly.

Every time a node receives the signal
strength from another node, it runs the Adaptive
Bucketing Algorithm to identify the cluster to
which this reading belongs. The complete details
of this algorithm are shown in Figure 2. Here, each
node maintains a table containing the Node ID and
list of clusters corresponding to that node. Each
cluster is represented by the tuple (Mean,
NumValues), where Mean corresponds to the mean
value of the cluster and NumValues indicates the
number of readings that falls within the cluster.
When a node receives an RF pulse from another



node, it first retrieves the entry in the table
corresponding to that particular node. It then
checks to see if the signal strength received
belongs to any of the clusters of that node. This is
done as follows — If §;is the received signal
strength, it belongs to a cluster C[y;, n;] if
Mj-Th <=8, <= ].Lj+Th

where ; is the Mean and n; is the NumValues of
cluster C. Here, Th is a protocol parameter that
determines the size of the bucket. The value of Th
can have a significant impact on the effectiveness
of the algorithm in identifying and removing noisy
readings. If the value of Th is too large, many
noisy values will be incorrectly included in the
cluster while a small value of Th will result in a
large number of clusters with very few values in
them.

N <- number if signal strength used to compute
that average

L <- List of (i, n)

S <- List of N signal strengths

Initialize L <- NULL

for (i=1 to N)
boolean used false;
for eachlin L
if (L.u -Th<= S[i] <= L.u +Th)
then
L.p=L.p*Ln+S[i];
L.n+1
Ln=1nt+1;
used = true;
end if
end for
if (! Used)
add (L, (S[i], 1))
end if
end for
foreachl € L
foreachm € L- {1}
if | Lp—m. p|<2*Th
merge (l,m)
end for
end for
choose 1 € L with max (1.n)

Figure 2: Adaptive Bucketing Algorithm

If S; belongs to a particular cluster, the parameters
of the cluster are updated as follows —

W= (Mj,prev*nj,prev + Sl)/( 1’1j,prev +1)

0= Njprey 1
If S; belongs to no cluster, we add a new cluster
(S;, 1), to the list of clusters of that node.

Since the means of the clusters are
continuously changed, it might be possible that the
buckets of 2 clusters start overlapping. In such a
case we add the values in the overlapping region
to both the buckets and then merge the 2 buckets
in the end. If C[p, nj] and C[u, ne] are 2
overlapping buckets then the merged bucket is
Cl(n* et 0™ y)/( nj+ny), nj+ny]. Since we take the
weighted average of the mean values while
merging, the readings in the overlapping region
tend to get more weight (twice the weight given to
others) than the other values in the two buckets.
The merging process also helps in overcoming the
effects of choosing a wrong value for Th. Even if
the value of Th is small, the bucket size can
potentially grow larger if there is significant
overlap between adjacent buckets. After the
merging process, we choose the bucket, which has
the maximum NumValues. We use the Mean value
of this bucket to estimate the distance using an
exponential decay model as shown below -

| _ o (A )
ln@:ﬂ]m 107 (43

Equation 1 [16]

The various parameters are explained below: -
P.(d) : Power measured at distance d

P.(do): Power measured at reference distance dy =
-47 db (Power of the Transmitting base station)

dy: reference distance for this experiment was EEB
351 do=5 meters

f: Path loss exponent. The value of B depends on
the environment. Table 1 shows the value for
various environments.



Environment i3
Outdoor Free space 2
Shadowed urban area 27t 5
In building | Line-of-sight l.6to 1.8
Obstructed 4to6
Table 1

Once we get the distance estimates between nodes,
we can build a map of relative locations using
Trilateration.

An, important point to note here is that the
Adaptive Bucket Algorithm presented in this
section is really an efficient way to estimate the
cluster mean. The time complexity of this
algorithm is O(kN) where, k is the number of
clusters and N is the number of readings. The
space complexity is O(k). In general we expect k
to be much smaller than N because most of the
readings except a few tend to be close to each
other. The space-time complexity of this algorithm
compares very favorably with other outlier
removal techniques such as median calculation
which has a O(N*logN) time complexity and O(N)
space complexity. Also, the adaptive bucketing
algorithm runs on the data as it arrives making it
an online algorithm.

In the next subsections, we present the
experiments we conducted with the RSSI based
localization presented in this section and the
results we obtained.

4.2 Experimental Procedure:

The experiments were conducted on the
3" floor of EEB [13]. The base station was located
in EEB 351, Networking Laboratory at USC. The
base station was used as a transmitter and a laptop
with a wireless card was used as a receiver.

We placed the laptop at different locations
in the floor (marked by “X” in figure 3) and
listened to the signal strength at each of these
locations. We repeated this process at 22 different
locations and obtained 14 different sets of readings
at each location for a total of ~300 readings. In
order to capture the variation in signal strength
measurements over a short period of time and over
a long period, we took sets of readings on the
same day as well as over several days.

E-+ @ .Third Floor , u$

Figure 3: Floor Map of EEB 3" Floor, USC.

Although, the topology of this setup is
much different from the ones encountered in an
actual implementation, it captures most of the
variations in signal strength encountered in real
life. Firstly, the locations were chosen so that they
receive signal strengths at different qualities (good,
fair and poor). Besides, most of the locations do
not have a direct line of sight to the base station
and hence experience significant multi path fading
effects. Finally, the environment is subject to
significant dynamics due to the movement of
people and other activities. However, one factor
that we did not include in our measurements is the
effect of the direction of receiver on signal
strength measurements. The main reason for this is
that, in our application we can turn the receiver so
that we can get the best signal strength possible.
However, this may not be the case in many other
applications. Hence a more careful analysis of the
effect of direction of receiver on measured signal
strength maybe needed.

4.3 Results:

In this section, we discuss the various
results we obtained from the experimental setup.
The distances of the test points from the base
station were estimated from the signal strengths by



four techniques. Firstly the instantaneous signal
strength measurements were used to compute
distances. Then 5, 9 and 14 readings for each test
point were chosen to calculate the mean, median
and the weighted mean from the Adaptive
Bucketing Algorithm. All the measured signal
strengths at different test point locations are
tabulated in the appendix B. A comparison of
location estimation errors using all these four
methods is described in the following subsections.

4.3.1 Distance Estimation:

Est. Dist and Actual Dist.
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Figure 4: actual and estimated distances using
instantaneous signal strength measurements

In figure 4, the distances estimated by
using instantaneous signal strengths are depicted.
As expected, the instantaneous distance estimates
exhibit significant variation and hence the
estimation errors also vary significantly. In
particular, readings in set 1 are very weak and
hence the distance estimates are wide off target.
This may be explained by the fact that when this
set of readings was taken, there was a high level of
activity in the lab close to the base station.
However, it can be observed that a majority of the
readings provide estimates that closely follow the
actual distance curve. This observation is the basic
intuition behind our localization algorithm.

We used these signal  strength
measurements as inputs for the Bucketing
Algorithm with N as 5, 9 and 14. Distances were
then estimated using the weighted average with
=5 in the exponential decay model. As we can
see from figure 5, the distance estimates with all
three values of N, follow the ‘actual distance’
curve within 20-25% accuracy in most cases. Even
the worst estimation error is about 70% when

compared to a 600% error with instantaneous
measurements.

The results of the estimated distances by
using median of signal strengths measured are
shown in figure 6. The median is computed by
using 5, 9 and 14 readings of the signal strength.
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Figure 5: This graph indicates the actual distance
and estimated distance at each test point after the
nodes compute weighted average of the signal
strength with varying N =5, 9 and 14.
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Figure 6: Distance Estimated with Median found by
using 5, 9 and 14 Sig. Strength Measurements.

The distance estimation curve of the
median also follows the actual distance curve
fairly closely and the results are comparable to the
bucketing algorithm results.

4.3.2 Relative Error in distance estimation:

In this section we plot the relative error in
distance estimation at various locations. Relative
error is defined by,

Relative Error = Est. distance — Actual Distance
Actual distance




Figure 7, denotes the relative errors computed by
using instantaneous signal strength measurements.
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Figure 7: The relative error in estimated distances at
test points due to individual signal strength
measurements.
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Figure 8: The error at test points after nodes run the
adaptive bucketing algorithm with N=5, 9 and 14.
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Figure 9: The error at test points after nodes use the
median of readings with N=5, 9 and 14 for distance
estimation.

As we can see from figure 7, the variation
in error seems random. Figure 8 shows the relative
errors obtained after using the Adaptive Bucketing
Algorithm using N=5, 9, and 14. Figure 9 shows
the errors obtained after using median signal
strength measurements with N =5, 9, and 14.

Again, figures 8 and 9 show that there is a
close parallel between the errors obtained using
median and adaptive bucketing algorithm on the
set of readings we have. These results are quite
understandable because both the median and
adaptive bucketing algorithm are outlier removal
techniques. Also, since the readings in most of the
locations are well clustered with very few outliers
as in figure 10, the median tends to be very close
to the weighted mean estimated (figure 11). Thus,
these results demonstrate the fact that the Adaptive
Bucketing Algorithm is an efficient cluster mean
estimation technique which involves much less
space-time costs when compared to median
calculation. Besides, in cases where there is a
more significant variation in the measured signal
strength, the bucketing algorithm performs a better
job of finding the cluster mean. Figure 10, 11, 12,
13, 14 and 15 demonstrate this fact. However, a
better cluster mean estimate need not necessarily
translate to a better distance estimate. For example,
while the distance estimates using ABA gives
better results for locations 16, 21 and 10. On the
other hand median estimates give better distance
estimates for locations 11 and 13. This is because
the distance estimate not only depends on the
estimated mean but also on the § parameter of the
radio attenuation model. However, even in these
cases the difference between the estimates is quite
small.

SS measured, instaneously, mean, mean after algorithm and Median for N=5 at Loc=16
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Figure 10: This graph depicts the variation of the 5
instantaneous signal strengths, its mean, median and
weighted mean computed by the algorithm at
location no. 16



Inst Readings, mean, median and ALgo.
computation at location "Betweeen 308 aand 310)
VS sig. str. computation (Loc. no. 13)
82

£ 80 aN
IS
5 784 /\.
& / . —
< 761 / N
c
>
2 741
72 T T T T
1 2 3 4 5

—e— Measured Sig. Str N=5 —s— Median Sig. Str N=5
Algo. Sig. Str N=5 Mean Sig. Str N=5

Figure 11: variation of the 9 instantaneous signal
strengths, its mean, median and weighted mean
computed by the algorithm at location no. 13

SS measured, instaneously, mean, mean after algorithm and Median for N=9 at Loc=21
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Figure 12: This graph depicts the variation of the 9
instantaneous signal strengths, its mean, median and
weighted mean computed by the algorithm at
location no. 21
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Figure 13: This graph depicts the variation of the 9
instantaneous signal strengths, its mean, median and
weighted mean computed by the algorithm at
location no. 11

SS measured, instaneously, mean, mean after algorithm and Median for N=14 at Loc=10
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Figure 14: This graph depicts the variation of the 14
instantaneous signal strengths, its mean, median and
weighted mean computed by the algorithm at
location no. 10

4.3.3 Trilateration Results:

In this subsection we have presented the
results of the actual location estimation using the
distances obtained with the bucketing algorithm
and median measurements. A short summary of
the most salient results is shown in Table 2. The
complete set of results can be found in the
Appendix C. In Table 2, the first column indicates
the locations used in the calculation, the second
column shows the distance estimation errors for
these locations when the adaptive bucketing
algorithm was used, and the third column indicates
the errors in the x and y co-ordinate estimates
when the distances from the adaptive bucketing
algorithm is used. For comparison, we have
included the data for these locations from the
median measurements in columns 4 and 5. In
general we can say that greater distance estimation
errors leads to greater location estimation errors.
However, this may not be the case in many
particular instances. Our observations on the data
indicate that if one of the distance estimation
errors exceeds 2 m there is a significant error in
location estimates. But in most cases, the location
estimation errors are well below 1.5 m in both the
x and y co-ordinates.



Median Location(x,y)
2.063450, -0.225717
6.525088, -2.724235
3.307268 -2.072524
-0.375942, -0.516736
1.663865, 0.287494
0.378161, 0.359928
0.168074, 0.371764
14.892076, -4.400577
-0.024978 1.476493

Algo. Location (x,y) Median 14 Estimation Errors
2.074924, -0.562951 0.828925,-0.833527,1.933085
1.223799, -0.086321  0.828925,-1.885204,1.933085
0.298272,0.101128  0.828925,-1.885204,1.120427
-1.233359, 0.337730  0.828925,-0.443527,0.054087
2,9,15 -0.204124,-1.079342,1.199630  1.903504, -0.057710 -0.399573,-0.833527,1.120427
2,9,16 -0.204124,-1.079342,0.165749  0.425576, 0.025554  -0.399573,-0.833527,0.054087
29,17 -0.204124,-1.079342,-1.353975  -0.007329, 0.049943 -0.399573,-0.833527,-1.314552
2,10,13  -0.204124,-0.127611,2.425977  6.722935, -0.776274 -0.399573,-1.885204,2.775163
8,13,20  1.782083,2.425977, 0.648951 -1.679884, 1.403871 1.354788,2.775163,0.463048

Locations Algo 14 Estimation Errors

1,914  1.245361,-1.079342,1.714668
1,10,14 1.245361,-0.127611,1.714668
1,10,15  1.245361,-0.127611,1.199630
1,11,16 1.245361,2.425977,-0.675423

Table 2: Location Estimation Errors

5 Vision based Localization:

An alternative localization approach that
we considered is Vision Based Localization. This
approach is particularly attractive in the context
of the Intelligent Room because it uses the
cameras themselves and requires no additional
hardware. Also, the localization module, which
gives the location of the camera relative to an
object at a known location, can easily be reversed
to an Object Tracking module, which gives the
location of the object relative to the camera.
Further, the accuracy of a vision based
localization system and the factors that affect it
are not well studied. The different steps in the
Vision Based Localization system are shown in
the figure 19.

In step 1, each camera first makes sweep
of the room to locate the object. This is done by
incrementing the tilt and pan values in small steps,
capturing the image at each position, and
checking if the calibration object is present in the
image. After making a complete sweep of the

room, the camera moves to the position, which
had the best view of the object.

Then in step 2, the camera makes a small
move to either side of the best position of step 1
and grabs the images at these positions.

In step3, we estimate the distance
between the object and the camera using
stereovision technique. This technique makes use
of the differences between images of the same
scene taken from slightly different locations to
estimate the distance. A more detailed
mathematical explanation of the technique is
given in the Appendix A. For estimating the
distance using stereovision, we must first segment
the object from the images grabbed. This is a
complex problem and there are no known
algorithms that work well under all conditions.

Then we repeat steps 1-3 at 3 different
known locations of the calibration object. Using
the distances estimated in these locations of the
object, we estimate the location of the camera
using Trilateration.



Focus the camera on the object

v

Obtain a pair of images for the
object

v

Obtain the distance using Stereo
Vision

v

Repeat steps 1 to 3, for three
known locations of the object

v

Estimate the location of the
camera using Trilateration

Figure 19: Stereovision based localization algorithm

5.1 Experimental Procedure:

In the experiments we conducted, we used
a set of four cameras (nerd-cams, see figure 20)
deployed at various locations in ilab at USC. Each
of these cameras was connected to a unique node
in the Beowulf cluster through a firewire
connection. We used a board with bright yellow
color as our calibration object.

Figure 20: Nerd Cams

Initially we train the system to identify the
RGB values of the calibration object. We do this
by showing the calibration object to the cameras in
various locations and under different illumination
conditions. We collect the RGB values from these
positions and then fit a Kalman filter to the data.
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The Kalman Filter is a Gaussian model of the data
and hence has two parameters — namely the mean
(n) and standard deviation (o).

Then, in the first step of the localization,
each camera tries to focus on the object. It does
this by making a complete sweep of the room and
then focuses on the location with the best view of
the object. This is done by starting at tilt=0 and
pan=0 and incrementing the pan in steps of 5 until
it reaches 180 degrees. Then it increments the tilt
by 5 and starts decrements the pan in steps of 5
until the pan becomes 0. The tilt is incremented
again and the whole process is repeated until the
tilt becomes 180. At each position of the camera,
we pass the image grabbed through the color
segmenter we have developed. In order to speed
up the segmentation process, we decimated the
image twice so that the size of the image that was
actually passed to the segmenter was only 1/8™ the
original size. This color segmenter basically
checks the RGB value of each pixel in the image
to see if it lies within a range specified by the
parameters of the Kalman filter obtained in the
training phase. In our case this range was chosen
to be [u—20, u+2c]. This is because, the shape of
the Gaussian curve is such that ~96% of the area
under it lies within this range. If the pixel lies
within this range, it is classified as a “white” pixel.
Otherwise, it is classified as a “black” pixel. We
then proceed to connect the neighboring white
pixels to obtain “blobs”.

From these positions, we identify the
position at which the grabbed image contained the
maximum number of white pixels. This is the
position, which has the best view of the calibration
object. So, we then proceed to move the camera to
this position and then adjust it so that the camera
focuses exactly on the object. Now, the camera
make two small moves on either side of this
position and grab the images in these positions.
These two images are then passed through our
color segmenter [21]. The center of the object in
these positions is approximated to be the center of
mass of the white pixels. Then, using the tilt, pan
and the center of mass of the object in these
positions the stereovision algorithm, estimates the
distance between the camera, and the calibration
object. The pictures in Figure 21 show a stereo
image pair obtained at a particular position of the
calibration object and the corresponding
segmented images.



Figure 21: Original and Segmented images.

The figures show that the segmentation of
the calibration object is not very accurate. Hence
the estimated center of the calibration object,
which is input to the stereo algorithm, is
inaccurate and hence the distance estimates are
way off the actual distances. This is mainly due to
the fact that the segmentation algorithm that we
are currently using is very simple. A more
sophisticated algorithm based on more advanced
features like shape is needed to achieve better
segmentation. We are currently exploring such
features based on the Saliency Model [20]
developed by Itti et al. However, using such
complicated features may make the algorithm
slower than is feasible for our application. Also,
another issue we faced is warping of images due to
lens distortion. The images that we grabbed were
not formed on an exactly flat plane, but instead
were formed on a surface with some curvature.
Hence the stereo calculations we did based on the
flat plane assumption were not valid. Besides,
variations in lighting and illumination conditions
had an adverse impact on the segmenter. All these
are fairly complicated problems. However, we
hope that the work we have presented here
explains the basic structure of a vision based
localization system and the issues faced in their
design.

6 Conclusions and Future Work:

In this paper, we presented a robust
algorithm for localization that can give reasonably
accurate distance estimates even in the presence of
random noise. The results indicate that although
there is significant variation in the instantaneous

11

signal strength measurements in RF, over a period
of time the values tend to stabilize. Besides, the
clustering algorithm we presented can make fairly
accurate estimates of the cluster mean and also has
significantly less space-time complexity when
compared to median calculation. Also, the results
on our experimental data indicate that the
localization errors due to the median and weighted
mean measurements are nearly the same in most
cases.

A useful extension to the Adaptive Bucket
Algorithm will be to determine the confidence
value of the estimated mean. This can be done by
determining the ratio of the number of points in
the final bucket to the total number of points
measured and also by using the width of the final
bucket. If the width of the bucket is large, then
there is a large spread in the measurements and
hence the confidence level must be low and vice
versa. Also, if a large number of points are present
in the final bucket, we must give a higher
confidence value to the mean.

Another important direction for future
work is to improve the vision based localization
algorithm. This is important because such an
algorithm not only performs localization, but also
can be reversed easily to track objects. The key to
achieving this is to improve the segmentation
algorithm. Currently, the segmentation is done
purely based on the RGB values of the pixels.
Hence, the segmentation is highly dependent on
lighting and illumination conditions. The features
defined in the Saliency Model are a very good
starting point for further improvements. This
model proposes a hierarchy of features in which
different views of an object are combined to form
instances, which in turn are combined to form an
object model. Also, since we can design the
calibration object as we wish, we need to identify
features that provide the best segmentation results
and incorporate these features in the calibration
object.

Apart from the RF based and Vision based
localization discussed in this paper, there are
several other media, which can be used. Some
common examples are infrared, laser and sonar-
based localization. Infrared localization has the
disadvantage that it can be used only for short
ranges. Laser requires very clear line-of-sight and
also, the hardware for laser-based localization is
very costly. Sonar is an attractive candidate to



consider. It has been demonstrated that sonar in
combination with RF can provide very high
accuracy distance estimates. A more careful study
is needed to quantify the relative advantages and
disadvantages of these methods.
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Appendix A: Mathematics behind Stereo Vision

v

The above figure is the geometric representation
of the camera in two different positions that is
used for stereo calculations. The image plane in
each of these positions is perpendicular to the lines
OF, and OF, and is centered at R; and R,
respectively. Let P(X, Y, Z) be the actual point
whose location we are trying to estimate. Now, P
lies on the line joining the image of P in the first
position of the camera and the focus of the camera
in this position (assuming pin hole camera model).
Similarly, P also lies on the line joining the image
and focus in the second position of the camera.
Thus, P lies on the intersection of these two lines.
This is the main principle used to determine P’s
location. The following discussion, presents a
detailed mathematical treatment of this principle.

Firstly, the equation of the line OR; is given by,

r*sin0;*cos®; r*sin0;*sin®,

r*cos6,

Since this line is perpendicular to the image plane
at Ry, the equation of the image plane is given by,

(sinB;*sin®)x + (sinB;*cos®,)y + (cosb;)z=r

Now, the y axis (this is different from the Y-axis
in 3D shown in the figure) of the image plane is
given by the line joining R, and Z axis along the
image plane.

Hence, the equation of this line is given by,

X - r*sin, *sin®; = x - r*sinf; *sin®, = z — r*cos 0,
-sin®, -cos®; tan0,

Now, if (x1,y;1) is the coordinate of the image in
the image plane, the 3D location of the projection
of the image point on the y-axis of the image plane
is given by,

Xy = r*sinf *sin® - y,*sin®,
Y’ =r*sinB;*cos®, - y,;*cos®,
Z, =r1* cosf; + y,* tanf,

The actual image point lies at a distance x; from
(X1,Y’,Z,’) along a line parallel to the x-axis of
the image plane. The direction of vector of the x-
axis of the image plane is the cross product of the
image plane’s y axis and OR; and is given by,

(-1 cos®,/cosb, j sin®;/cosO;)

Hence, the 3D location of the image point I is
given by,

X1 =Xy —x;* cos®,/cosb,
Y] = Yl’ — Xl* sind)l/cosﬁl
Zl = Zl’

Also, the 3D location of the focus is given by,
X, = (r+f)* sinB;*sin®,
fy; = (r+)*sinf; *cos®,
fz; = (r+0)* cosb,

Thus, the equation of the line I,F, is given by,
X = X] + I']*(fX] — X])
y=Y +r*{y - Y))
z=7,+n1*fz,- 7))



Similarly, the equation of the line I,F, is given by,
x=X,+ rz*(fXZ — Xz)
y=Y2 +n*(fy2 - Y2)
z=17,+t1,%(fz, — Z5)

The point of intersection of these two lines can be
obtained by solving for r; and r, as shown below-
(X1-X3) = 13 (fX2-X3) — 11(fx1-X)
(Y1-Y2) = 1r2(fy2-Y2) — ri(fyi-Yy)
(2\-2,) = 1y ({25-25) — 11(f2,-Z1)

Here, we have 3 equations to solve for 2 variables.
Hence, we can solve any two of them, and check
the results obtained by substituting them in the 3™
equation. If the results satisfy the 3™ equation,
then the two lines intersect, otherwise they don’t.
Thus, upon solving equations 1 and 2 we get,

11 = (fy2-Yo)(X1-X0) — (£%5-X0)(Y1-Y5)
(sz-Xz)(fyl-Yl) - (fY2-Y2)(fX1'X1)

Substituting this value of r; in the equation of the
line I, F, gives us the co-ordinates of the point P.
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Appendix B: Tabulated Signal Strength measurements for all the experiments
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Appendix C: Location Estimation Errors

Note: In these tables the tables, the index for locations start from 0 instead of 1 as in Table 2 of main paper.
Table 1: Algo with N=14 1 10 18 1.427459 0.110320
Points  Estimated Location Error 10 19 1.719369 0.019869
X v 11 19 6.197219 2.258795
12 5.425885 -0.732620 12 19 3.395823 0.858096
13 2.074924 -0.562951 13 19 2.141074 0.230722
14 1.087828 -0.512971 14 19 1.790406 0.055388
0
0

15 -0.661773 -0.424384 15 19

671476 -0.504077

8

8

8

8

8 17 -1.820787 —0.365700 17 19 -1.142439 -1.411035

8 19 —1.147285 —0. 399801 8 12 6.073396 0.377399

9 12 6.323004 -1.119071 8 13 3.431351 0.559609

9 13 1.223799 —0.086321 8 14 3.055923 0.585501

9 15 —1.298446 0.424514 8 17 1.947291 0.661958

9 17 —1.550389 0.475540 8 19 5.234776 0.435235

10 12 10.574825 -2.950625 9 14 2.923007 0.833612

10 13 2.148144 -0.603954 9 16 1.952678 1.101289

10 14 0.678662 -0.194731 9 17 2.311846 1.002208

10 15 -1.233359 0.337730 9 18 3.771326 0.599593
9 19 4.862655 0.298537

10 16 -1.575955 0.433137

10 17 -1.564999 0.430086 10 12 11.010044 -2.764103

10 18 -0.095133 0.020756 10 13 4.197354 -0.179980
10 19 -0.372801 0.098081 10 14 3.279490 0.168175
11 19 3.395604 2.520628 10 16 1.805712 0.727195
12 19 1.180061 1.096350 10 17 1.956078 0.670159
0.217206 0.477371 10 18 3.162887 0.212404
14 19 -0.003254 0.335648 19 3.883795 -0.061044
15 19 -0.832150 -0.197215 11 19 9.387308 1.960655
16 19 -1.253981 -0.468391 12 19 5.708849 0.609384
17 19 -2.010017 -0.954415 13 19 4.021702 -0.010384
18 19 0.350142 0.562831 14 19 3.481463 -0.208839
8 12 5.694981 -0.271314 16 19 1.093343 -1.086108
8 13 2.635587 -0.098954 17 19 -0.586993 -1.703375
8 14 1.903504 -0.057710 18 19 1.162001 -1.060887
8 15 0.425576 0.025554 8 12 7.154700 2.231063
8 16 -0.007329 0.049943 8 13 5.623173 2.373531
8 17 -0.247212 0.063457 8 15 6.012362 2.337327
8 18 1.280298 -0.022600 8 16 6.451466 2.296480
8 19 1.598569 -0.040530 8 17 7.561815 2.193192
9 12 6.722935 -0.776274 8 18 9.808992 1.984152
9 13 2.083210 0.269298 8 19 14.054515 1.589219
9 14 1.429090 0.416705 9 12 8.601624 0.834032
9 15 0.105485 0.714982 9 13 5.888075 1.843725
9 16 -0.057454 0.751701 9 15 5.771224 1.887204
9 17 0.143197 0.706484 9 16 5.994335 1.804186
9 18 1.699263 0.355821 9 17 6.584002 1.584775
9 19 2.176279 0.248324 9 18 7.919975 1.087669
9 19 9.793095 0.390695

10 12 10.881625 -2.819140
10 13 3.098233 -0.407384
10 14 1.873767 -0.027972
10 15 0.211253 0.487173
10 16 -0.044214 0.566332
10 17 0.041904 0.539647

10 12 11.923017 -2.372828
10 13 6.646562 0.326753
10 15 5.303408 1.013948
10 16 5.274349 1.028815
10 17 5.502717 0.911976
10 18 6.487786 0.407987
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7.682055 -0.203035
13.881710 1.540618
-225990 0.231197
.006461 -0.393046
-113830 -1.206598
.875100 -1.554991
-435004 -2.241268
.589798 -1.916482
8.176151 3.982122
7.646836 4.048286
8.964891 3.883529
9.567101 3.808253
10.472453 3.695084
12.252773 3.472544
14.787881 3.155655
20.535515 2.437201

RPONRA~NO

9.632107 1.717302
7.798347 2.634182
8.363136 2.351788
8.261744 2.402484
8.564403 2.251154
9.187198 1.939757

10.325392 1.370660
12.195512 0.435600

12.188371 -2.259106

-015231 0.609926
.750369 0.792019
-149746 1.204948
-166602 1.193359

-388834 1.040574

-165421 0.506671

.284875 -0.262953
5.981916 1.344337
0.688560 0.073931
.138240 -0.538146
-133029 -0.779396
.783540 -1.343274
-364624 -1.683813
.625075 -2.341305
.676088 -2.089062
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14.102477 -1.438774

11.787672 1.390431
11.813424 1.358957
11.565670 1.661768
11.631269 1.581591
11.826370 1.343134
12.311217 0.750541

13.262090 -0.411634

20.059946 0.963213

13.936265 -0.275284
10.891354 -0.891109

9.564912 -1.159378
6.710855 -1.736603
4.932196 -2.096332
1.484479 -2.793623
1.978420 -2.693725
.521171 1.145013
-971139 1.833916
-150135 1.754363
-886594 1.871492
-037193 1.804559
-455364 1.618705
.424760 1.187862
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.462381 0.726697

.079618 -1.327689
-596355 1.309220
.600550 1.301764

1
427609 1.609215
-467319 1.538618
-593999 1.313411
-919537 0.734677
-161721 0.304127
5.393260 -5.171296
3.417374 -0.341355
3.212740 0.158861
2.962019 0.771735
2.939894 0.825819
2.975148 0.739641
3.190180 0.214010
3.293676 -0.038983
12.564140 1.663755
6.412021 0.533774
3.684647 0.032828
2.880305 -0.114909
0.714119 -0.512780
-0.345638 -0.707429
-1.927317 -0.997941
0.873326 -0.483537
-1.679884 1.403871
-3.984930 1.016107
-4.164674 0.985869
-5.515651 0.758602
-5.760216 0.717460
-5.325520 0.790587
-195253 1.653622
.179217 0.558807
-290299 -0.965053
.522912 -0.566288
-914180 0.131606
.749015 -0.832669
.241435 -0.425149
-.037082 0.016845
.592498 -0.789434
1.316455 -0.385365
-0.350385 -0.295534
-1.366956 -0.716184
-0.390095 -0.311965
-1.392636 -0.431903
-2.128134 -0.687728
-0.975434 -0.286789
-2.682205 -0.600632
-2.896270 -0.659013
-1.455707 -0.266132
0.709956 -0.156798
-1.626240 -0.706491
-0.017597 -0.327987
-0.454723 -0.309185
8.046307 0.358044
6.187535 -1.235189
6.545200 -0.928618
2.025723 0.245510
0
1
0

|
o

ONNEFENOOO

.501966 -0.385010

.348770 -0.034608

.728774 0.221268
-0.764902 -0.195572

21 0.398013 0.128963
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2

1

-2.579696 0.159428
-2.814324 0.110884
-1.308177 0.422501
-3.569395 0.140928
-3.313206 0.185483
-1.631002 0.478040
-4.073275 0.131510
-3.486950 0.211464
0

-1.587251 0.470513

19 0.522848 0.217419
20 -1.743609 -0.049223
21 0.143361 0.172774
21 -0.053521 0.206646

92

12
13
14
15
16
17
18
19
12
13
14

12
13
14
15
16

19
20
21
19
20
21
19
20
21
19
20
21
19
20
21
19
20
21
21
21
21
21
21
21
21
21

4.636253 -0.089173
1.490766 -0.739964
2.488958 -0.533441

2.111559 0.005208
-0.417285 -0.347654
0.916720 -0.161514
-2.706599 0.185326
-2.908116 0.164479
-1.205780 0.340583
-3.908900 0.230272
-3.430454 0.271876
-1.591364 0.431797
-4.287837 0.244438
-3.543751 0.295171
-1.579851 0.429073

0.600713 0.061688
-1.738840 -0.075933
0.098153 0.032126
-0.144595 0.089550
1.858010 2.664328
0.680270 1.150091
0.162499 0.484385
0.041388 0.328672
-0.431267 -0.279027
-0.693307 -0.615937
-1.262549 -1.347819

1 0.300591 0.661933

able 2: Median with N=14

5.559964 -0.402756
2.063450 -0.225717
0.854073 -0.164483
-0.699114 -0.085841
-1.090558 -0.066021
-1.600107 -0.040221
-0.143906 -0.113953
-0.564375 -0.092663
14.874865 -4.415329
6.525088 -2.724235
3.307268 -2.072524
0.340206 -1.471600
-0.660984 -1.268828
-1.913480 -1.015158
-1.030996 -1.193888
-1.978791 -1.001930
17.163078 -5.401021
5.510263 -2.155933
2.245608 -1.246788
-0.375942 -0.516736
-0.990734 -0.345529

18
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-1.640115 -0.164688
-0.456367 -0.494340
-0.967700 -0.351943
3.500155 2.520249
1.604055 1.301328
0.548415 0.622702
0.161650 0.374068
-0.651831 -0.148885
-0.984570 -0.362788
-1.891111 -0.945564
0.363620 0.503906
5.825833 0.053017
2.618588 0.233707
1.663865 0.287494
0.378161 0.359928
0.168074 0.371764
-0.045398 0.383791
1.581875 0.292114
2.137272 0.260824
14.892076 -4.400577
6.852364 -2.588810
3.867532 -1.916172
1.150662 -1.303920
0.273648 -1.106283
-0.802804 -0.863702
0.081573 -1.062998
-0.326466 -0.971046
17.037905 -5.454668
6.038968 -2.046546
3.081511 -1.130151
0.731972 -0.402125
0.211840 -0.240957
-0.323918 -0.074948
0.792492 -0.420877
0.780995 -0.417315
6.159120 2.271747
3.755586 1.069981
2.389067 0.386721
1.839448 0.111912
0.746932 -0.434347
0.243628 -0.685998
-1.104020 -1.359823
0.815583 -0.400021

-159580 0.625155
-327588 0.820465
.696723 0.863973
.767431 0.928062
-913362 0.917998
.714086 0.793810
-349039 0.681055

4.536327 -4.705503
.856746 -2.586998
.144657 -1.838835
.019159 -0.976629
.142512 -0.734795
-958335 -0.959849
.914815 -0.947844
16.246544 -5.793822
6.251458 -2.002583
3.717466 -1.041413
1.346950 -0.142252
0.941967 0.011363
1.908446 -0.355233

OCOORDMORLPJOWERLENWO
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14
15
16
17
18
19
12
13
14
15
16
17
18
19
12
13
14
15
16
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2.213276 -0.470858
8.965322 2.009485
5.807238 0.849373
3.989309 0.181562
3.214732 -0.102976
1.049973 -0.898194
-0.735163 -1.553958

1.062389 -0.893633
.227665 2.456159
-498424 2.617019
. 771425 2.591624
-385846 2.534468
470469 2.433573
. 772838 2.219399
4.059045 1.820682
4.593947 -4.656115
-887228 -2.160591
.000382 -0.714322
.531216 -0.539749
-005999 -0.344320
. 770952 -0.628953
450368 -0.881759
15.918084 -5.934590
7.662277 -1.710689
4.369201 -0.025860
4.124604 0.099283
3.901984 0.213182
4.692845 -0.191445
5.477477 -0.592884
13.292461 1.605080
9.278410 0.476128
6.902922 -0.191978
3.814945 -1.060472
2.776483 -1.352539
0.238419 -2.066370
1.474880 -1.718615

8.332136 4.349538
7.689022 4.429927
8.830157 4.287285
9.628200 4.187531
10.739153 4.048661
12.558563 3.821234
15.185226 3.492902
21.145445 2.747874
14.289334 -4.917212

8.

6
5
5
4.
5
6

373588 -1.959339
704069 -1.124580
.332381 -0.438736
017455 -0.281273
685502 -0.115296
.342937 -0.444014
.154713 -0.849902
15.153903 -6.262097
8.332097 -1.572106
6.911848 -0.595685
5.858862 0.128243
5.701532 0.236408
5.569901 0.326904
6.195310 -0.103065
6.990020 -0.649428
15.517395 1.397142
10.936822 0.297805
8.202072 -0.358536

19

VOO NNNNNNANOODODOODOODODOODOODO0DODO00D0D00O0O00Oo0000000c 0TI hbsbbdbDb

hoO~NOOTOIOIOTO

6.880400 -0.675737
4.605283 -1.221765
3.388892 -1.513699
0.503901 -2.206097
1.588473 -1.945800
16.284454 -5.777575
12.190473 -0.773821
11.518774 0.047142
11.015927 0.661733
10.987820 0.696085
10.987649 0.696295
11.391583 0.202599
12.249565 -0.846047
20.868263 0.897061
15.486426 -0.191400
12.154550 -0.865263
10.384495 -1.223252
7.485503 -1.809565
5.804838 -2.149474
1.897709 -2.939680
2.068175 -2.905204
.786362 1.699640
.227234 2.392586
-343170 2.341059
.257698 2.379047
556811 2.246108
.023145 2.038848
-055498 1.580025
-230036 1.058008
-035285 -13.706398
.505705 -5.633529
.719659 -3.475388
2.514555 -2.062240
2.755911 -1.633162
3.018758 -1.165877
2.880602 -1.411489

= O

-099199
.553358
.365811
. 729639
.315197
.230948
.150482
.316681
.296362

-1.

022872

-10.805187

-3.
-1.
-0.
-0.
-0.
-0.
-0.

013406
458319
445239
239295
042602
448866
399198

19

11.911308 1.734160
6.618943 0.762093

3.676570 0.221657

2.509262 0.007253

0.442858 -0.372291
-0.376549 -0.522794
-2.094756 -0.838383
0.771534 -0.311921
-0.024978 1.476493
-2.657236 1.033683
-3.332681 0.920057
-4.734295 0.684271
-4.874054 0.660760
-4.926397 0.651955
-0.115093 1.461333

19 6.261858 0.800489
20 5.179852 -1.054378
21 5.597861 -0.337791
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2.747893 0.340718
1.240115 -0.907098
2.109331 -0.187747
1.456488 0.171749
-0.368691 -0.846956
0.905184 -0.135956
-0.785530 -0.121599
-2.358693 -0.772563
-0.657768 -0.068732
-1.530628 -0.219089
-3.047804 -0.746802
-1.049867 -0.051867
-2.924821 -0.401506
-4.053106 -0.709221
-1.562039 -0.029838
0.586607 0.057933
-2.862895 -0.753715
-0.060835 -0.094406
-0.449828 -0.077676
19.321659 -0.603791
15.256504 -4.088209
15.526484 -3.856797
11.286537 -0.753980
6.421521 -2.767090
7.235295 -2.430356
7.798424 -0.819178
2.773247 -2.221554
4.012098 -1.875828
3.066041 -0.907634
-0.743135 -1.695740
0.940555 -1.347390
1.217167 -0.942193
-2.018851 -1.504978
-0.091631 -1.169810
-1.790696 -0.998414
-3.681873 -1.256302
-1.398626 -0.944950
1.087878 -0.944609
-2.748216 -1.395914
-0.390001 -1.118477
-1.156742 -0.986565
5.008315 -2.259785
6.255579 -2.001730
6.624592 -0.635767
0.956391 -1.426679
2.760515 -1.174941
0.637123 -0.411937
-2.433840 -0.729622
-0.129615 -0.491254
-1.035398 -0.349412
-3.317770 -0.547880
-0.811515 -0.329944
-3.175830 -0.269396
-4.299568 -0.346015
-1.539187 -0.157807
0.825054 -0.418962
-2.883714 -0.637125
-0.184240 -0.478332
-0.671752 -0.363007
1.701521 2.688346
0.698466 1.398703
0.136031 0.675572
-0.070286 0.410308

15 19 21 -0.525298 -0.174708
16 19 21 -0.724760 -0.431159
17 19 21 -1.347417 -1.231719
18 19 21 0.222317 0.786512



