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Object Localization through Clustering Unreliable
Ultrasonic Range Sensors
Abstract: The increasing popularity and availability of inexpensive ultrasonic sensors
facilitates opportunities for tracking moving objects by using a cluster of these sensors.
In this paper, we use a cluster of ultrasonic sensors connected to Raspberry Pis. We
conduct field tests and discover that their accuracy and reliability of individual sensors
depends on the relative position of the tracked object. Hence, we employ data fusion and
synchronization techniques for trilateration to improve accuracy using a cluster of sensor
nodes. We successfully conduct multiple runs tracking a moving object and report these
field test results in this paper. Our average error is in the order of tens of centimeters,
and some of our best results match published results for larger clusters.
Keywords: Ultrasonic Sensor; Sensor Network; Object Tracking; Trilateration; Data
Fusion.

1 Introduction
Tracking the position of a moving object becomes a nontrivial task when we use real world sensors that provide
unreliable measurements. Some of these inaccuracies
result from the technologies used in the sensor
and environmental noise but factors resulting from
unpredictable communication networks with uncertain
delays and packet loss make this task even more
challenging when utilizing sensor clusters. Clustering
inexpensive sensors does increase redundancy providing
extra information that can potentially be used to
improve accuracy. Readily available range sensors such
as the HC-SR04 ultrasonic range sensor Cytron (2016)
provide a convenient test-bed for evaluating issues
with using clusters of inexpensive sensors to improve
reliability and coverage for tracking a moving object.
However it is difficult to use ultrasonic range sensors
to track moving objects. The accuracy of ultrasonic
range sensors is affected by many unavoidable factors:
environmental effects such as reflection, interference and
material reflectivity, or sensor characteristics due to
tolerances and sensitivities of the components. Despite
this drawback, the ability to accurately track an object
moving at low speed using ultrasonic range sensors has
many potential uses: to explore the use of ultrasonic
sensor networks in smart environments specifically for
patient and elderly monitoring Pham et al. (2007), to
use for a parking guidance system Idris et al. (2009), and
to use ultrasonic sensor networks to achieve localization
and mapping in the context of robotics Djugash et al.
(2006).
Range data from a single sensor is insufficient to
calculate the positions of the tracked object. Consider a
simple scenario — a single sensor detects an object as
shown in Figure 1. Since our sensor is only providing a
one dimensional range value we cannot determine where
the object is within the two dimensional environment.
The object could be located anywhere along an arc of
a circle whose radius is determined by the range value

centered at the position of the sensor and bounded
within the sensor’s field of view. Two or more sensors
detecting the object simultaneously are required to
establish position within the environment, and further
sensors potentially improve localization precision.

Figure 1

A single sensor detects an object, there are
infinitely many discrete points the object could
reside on, denoted by the green dotted line.

We investigate the following research questions in this
paper:
1. What are the performance characteristics of an
individual unreliable sensor? For the purpose
of this investigation we define an individual
sensor as a HC-SR04 ultrasonic sensor interfaced
to a commodity compute and communication
node (Raspberry Pi) for data collection and
communication.
2. How can unreliable range estimates be combined
into a more reliable result to provide a position
estimate, that is, localization in the higher
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dimensional space? For this investigation we
restrict localization to a two dimensional position.
3. How well can multiple inexpensive ultrasonic
sensors be aggregated into a cluster to produce
reliable position estimates?

The rest of this paper is organized as follows:
Section 2 reviews approaches to object tracking and
sensor aggregation; Section 3 addresses the first research
question by evaluating characteristics of measurements
for HC-SR04 ultrasonic sensors connected to Raspberry
Pi; Section 4 addresses the second research question by
describing the filtering, synchronization and trilateration
strategies used; Section 5 evaluates the second and
the third research questions through experimental
evaluation of an ultrasonic sensor cluster to track a
moving object; Section 6 presents the conclusions and
contributions derived from this research.

2 Literature Review
Though localization using sensor clusters has been
extensively investigated, relatively few studies
investigate the practical issues involved in using cheap
commodity sensors in a typical application environment.
Results are typically achieved using simulation which
scales readily but can omit some crucial properties of
real sensors interacting with the physical environment.
Table 1 compares results taken from comparable
previous studies derived using one of the two standard
approaches: simulation or field acquisition.
Field experiments are used as the benchmarks for
this study despite of their higher errors compared
to simulated results. Of the existing ultrasonic sensor
network implementations listed in Table 1, three
ultrasonic sensors per sensor node have been used to
increase the sensor node’s field of view while the passive
infrared sensor is used to detect the presence of motion
Li et al. (2009); Zhang et al. (2012). Other approaches
based around ultrasonic sensors have exclusively used
simulated data Cheng et al. (2013).
Average errors for field data for ultrasonic
sensors range from 17 cm to 30 cm depending on
the experimental conditions and settings. The two
implementations using real data both use dozens of
sensors, a total of 40 sensors including 10 infrared
sensors, and the simulation results Cheng et al. (2013)
imply that average error decreases in proportion to the
number of sensors.
Acoustic sensors achieve good accuracy with an
average error of 33 cm Kim et al. (2005). Two different
technologies identified as having similar goals to an
ultrasonic sensor network are that of GPS and WiFi
received signal strength indication (RSSI). WiFi RSSI
and GPS on the other hand featured average errors
significantly worse than ultrasonic sensor networks
(Table 1).

However, accuracy is not the only metric that
determines viability of a sensor network. Both GPS
and WiFi RSSI are less affected by obstruction than
ultrasonic sensors, and the range of ultrasonic sensors
is considerable smaller than either of these technologies,
with each individual sensor only detecting objects up to
four meters.
Experimental settings also have an effect on
measurement accuracy. Outcomes are affected by sensor
types, sensor counts, sensor layout and the tracked
object’s trajectory. Error is reduced by increasing the
number of sensors Li et al. (2009), rearranging the
sensors to create overlapped signal areas Zhang et al.
(2012), moving the tracked object smoothly on a path
that is well covered in the sensor’s detection range, and
by using a stationary tracked object Xiao et al. (2006).
Experiments should be conducted on a flat surface which
is confined by the sensor’s detection range Xiao et al.
(2006).
Positional sensor networks measure the positions of
the tracked object. Omni-directional binary proximity
sensors Kim et al. (2005) utilize the historical
information alongside the present measurement to
estimate the target’s position. This approach is robust as
long as there is a simple relationship between historical
data and the current trajectory of the target. The
reliability estimate is affected by the distance to the
target and are no longer trustworthy when the object is
out of the maximal detection range.
In addition to position, sensor networks can be
used to measure the direction of an object’s movement
Karras and Mamoulis (2006). Such sensor networks
are directional sensor networks, where binary velocity
information is collected using acoustic, thermal, or
magnetic sensors. The acquired information is then
aggregated to predict whether the tracked object is
moving towards or away from the sensor.
Furthermore, various data filtering and processing
techniques have been used to improve the accuracy
of sensor outputs. Extended Kalman filters are used
to improve the accuracy of orientation and position
measurements based on inertial sensors, ultrasonic
sensors, and magnetometers Zhao and Wang (2012).
Particle filters are used with a motion model and a
sensor likelihood model Hightower and Borriello (2004).
The minimal number of samples required is determined
by using Kullback-Leibler Distance adaptation Fox
(2001). In particular, sensor data fusion signficantly
improves the reliability and accuracy of location
estimation by combining infrared badge system and
WiFi device positioning system Priyantha et al. (2000).
In Koshizen et al. (1999), Gaussian Mixture of Bayes
with Regularized Expectation Maximization is used to
model a robot’s position as a probability distribution and
Bayes’ theorem is used to reduce the uncertainty of the
robot’s position. Our work is different from these state
of the art object localization approaches based on sensor
fusion. Instead, we characterize uncertainty in ultrasonic
behavior, which was not identified before in literature.
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Sensor type
Ultrasonic + InfraRed Li et al. (2009)
Ultrasonic + InfraRed Li et al. (2009)
Ultrasonic + InfraRed Li et al. (2009)
Ultrasonic + InfraRed Zhang et al. (2012)
Ultrasonic Cheng et al. (2013)
Ultrasonic Cheng et al. (2013)
Ultrasonic Cheng et al. (2013)
Acoustic Kim et al. (2005)
WiFi RSSI Wenming et al. (2006)
WiFi RSSI Sharma (2006)
WiFi RSSI Sharma (2006)
WiFi RSSI Paul and Wan (2008)
GPS Zahaby et al. (2009)
GPS Wang (2012)

Table 1

Data
Field
Field
Field
Field
Simulation
Simulation
Simulation
Field
Field
Field
Field
Field
Field
Field

30
30
30
30

Sensor count
sensors + 10 PIR
sensors + 10 PIR
sensors + 10 PIR
sensors + 10 PIR
3 sensors
6 sensors
24 sensors
25 sensors
8 sensors
6 sensors
3 sensors
5 sensors
1 sensor
1 sensor

Trajectory
Square shaped
Stationary
Non-linear
Non-linear
Random
Random
Random
Random
Stationary
Stationary
Stationary
Non-linear
Non-linear
Non-linear

3
Sensor Layout
Grid
Grid
Grid
Grid
Scattered
Scattered
Scattered
Grid
Scattered
Scattered
Scattered
4 corners and 1 center
roaming with object
roaming with object

Average Error
30 cm
17 cm
20 cm
19 cm
40 cm
20 cm
5 cm
33 cm
260 cm
250 cm
440 cm
105 cm
395 cm
143 cm

Accuracy of various sensor network implementations

This understanding of uncertainty lays a solid foundation
for us to provide a sensor fusion solution based on novel
trilateration methods and the application of a Kalman
filter to accurately predict an object’s location only using
a cluster of affordable ultrasonic sensors.
In summary, ultrasonic sensor networks can be
used to track moving objects. The benchmark for the
measurement error rate provided in recent publications
is on the order of tens of centimeters; the grid setup is
the most popular arrangement of sensors; and passive
infrared sensors are widely used together with tens of
ultrasonic sensors to obtain accurate measurements. In
comparison, in this study, we report on the same level
of measurement accuracy achieved by using only six
ultrasonic sensors without any passive infrared sensors
for tracking a moving object.

3 HC-SR04
Ultrasonic
Characterization

Sensor

The HC-SR04 ultrasonic range sensor is inexpensive
(about 1 US dollar per sensor) and can be easily
interfaced with platforms such as Raspberry Pi and
Arduino. According to the specifications for the HCSR04, it is designed to provide 2 cm to 400 cm distance
measurement with a resolution of 3 mm with a measuring
angle of 15 degrees Cytron (2016). The sensor operates
by sending a series of 8 ultrasonic pulses at a frequency
of 40 kHz to the target. Distance is calculated by
multiplying the speed of sound with the single trip
time once the returned echoes arrive. This value is then
reported to the interfaced platform by providing a pulse
whose width is proportional to the distance measured.
For the purpose of this study we first assess
the performance of the sensor in a typical operating
environment, and while interfaced to the Raspberry
Pi that will be responsible for data collection and
communication for each node within the sensor cluster.
After some preliminary evaluation with targets of
different sizes, shapes and materials we settled on a solid
cardboard sheet that is 49 cm wide and 85 cm high. This

target is big and flat enough to still be able to echo back
the ultrasonic signal at the specified maximal measuring
distance of 400 cm.
When measuring the effect of range on measurement
reliability, we place the target object directly facing the
HC-SR04 sensor at the 0 degree angle while varying
the distance from the sensor. Measurements were taken
continuously for 60 s for each position of the target.
The number of measurements completed decreases with
distance due to the increased round trip time but at least
1000 distance measurements were taken for each target
position up to 325 cm. We note that both the number of
unsuccessful measurements and the accuracy are affected
by distance.
Detection of the ultrasonic echoes becomes
problematic at the extremes of the distance range.
Specifically, 100% of the ultrasonic echoes return to the
sensor at the range between 50 cm and 325 cm; 70%
of the echoes return to the sensor at the distance of
350 cm; 39% of the echoes return to the sensor at the
distance of 375 cm; while 20% of the echoes return at
the distance of 400 cm. Hence we regard the usable
maximal range of the HC-SR04 sensor as 325 cm instead
of the specified range of 400 cm. At distances above this
threshold the sensor may not return readings for objects
moving through its field of view.
In Figure 2, the relationship of distance to an object
and standard deviation in range measurements shows
an overall positive trend. Note the data point at 475
cm has only a sample size of 6. The overall accuracy
for HC-SR04 for nearby objects within 100 cm is
comparable to the measurement resolution as assessed
from the standard deviation over repeated readings. This
peaks at 43.23 cm while the target is 400 cm away.
Within the range [50 cm, 325 cm] the relationship can be
approximated with an exponential curve (the regression
fit produces with a coefficient of determination r2 =
0.97).
The unexpected and rapid drop in error at ranges
greater than 400 cm is attributed to the relatively small
number of successful measurements in this region. The
error distributions are approximately normal with a

4

Figure 2

et al.

Effect on Distance to Target on the Standard Deviation in Range Measurements

positive skew which we hypothesize may be due to issues
in accurately measuring the duration of the pulse in the
interface between Raspberry Pi and HC-SR04.
We also characterize the angular response of the
sensor, particularly to test the maximal angle at
which the target can be detected. Figure 3 shows
the relationship between the angle to the object and
frequency of a time out. The detection angles are not
symmetrical. The target is positioned 100 cm from the
sensor and moved sideways along a line perpendicular to
the sensor axis (thus distance to sensor does vary slightly
with angle). Similarly to the distance case we discover a
gradual increase in timeout counts as the object moves
off the center line until the timeout frequency gets close
to 100%. Time out frequency is close to 0% between
angles of -17.5 and 17.5 degrees, giving us a symmetrical
sensor field of view of 35 degrees for a near-guaranteed
measurement at 100 cm. Measurements outside of this
detection range drop off steadily, with roughly 10 degrees
required to transition from a 0% timeout probability to a
100% timeout probability. These findings are consistent
with the technical specifications.
In summary, while the behavior of the HC-SR04
sensor is consistent with its specifications there are
variations in both the probability of achieving a
successful reading and the accuracy of any value received
that depend on both distance and angular position
of the target. These issues are likely to significantly
affect the localization of objects when using clusters
of these sensors. In addition, systems that evaluate
localization algorithms using simulation should consider
these properties as relevant parameters of any sensor
model used.

With a better understanding of the nature of the
ultrasonic sensor, Section 4 describes an innovative data
fusion approach for localization using such unreliable
distance sensors.

4 Sensor Data Fusion
The goal of data fusion is to combine data from
multiple sensors to produce high level data Sichitiu and
Veerarittiphan (2003). More concretely, data fusion in
this paper refers to combining range-only measurement
data from multiple sensors to obtain a two dimensional
virtual measurement. Data fusion is not the only
reason sensor nodes may need to be synchronized;
ultrasonic sensors may interfere with one another if used
simultaneously. So ultrasonic sensors need to alternate
taking measurements such that no two sensors are
performing a measurement at the same time. On top
of the data fusion algorithms, we create virtual sensors
based on Kalman filter to deal with sensing errors and
noises, which, by our initial evaluation results, is proven
to be effective to converge to a reasonable state estimate
for locating a moving object as compared with just using
raw sensing data. We first walk through basic version of
trilateration sensor fusion techniques in Sec. 4.1, then we
elaborate on a more accurate sensor fusion techniques
based on recursive grid in Sec. 4.2, lastly we explain how
we use virtual sensors based on kalman filter to establish
a more accurate virtual measurements in Sec. 4.3.
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Angular Response of the Sensor

Three sensors detect an object — the location
of the object can always be resolved. Green
denotes the correct candidate while grey denotes
incorrect candidates.

4.1 Basic Version of Measurement Trilateration
We apply trilateration techniques to fuse ultrasonic
sensor measurements. Distance data from multiple
sensors is merged to calculate the position of the tracked
object.
Traditionally trilateration requires three sensor
inputs to uniquely determine the position of the tracked
object as depicted in Figure 4. Given the positions of the
three sensors and the measured range data it is possible
to identify the correct position. Candidate positions
outside the overlapped sensing area such as candidate
positions c and d in Figure 4 can be filtered out.
Given the limited field of view of the sensors it is
possible to reduce the number of sensors to a minimum
of two. As shown in Figure 5, we filter out candidate
position b before calculating (xa , ya ). The two sensors
scenario is important when the reading from the third
sensor is not ready on time.
The first step of trilateration is to represent the
potential positions of the sensor’s measurement so that
we may find the circle intersections. In Figure 6, we have

Figure 5

Two sensors detect an object, only one object
candidate can be valid. The green dot denotes the
correct candidate, the grey dot denotes the
incorrect candidate.

two circles, dubbed circle A and circle B. For instance,
we denote the relevant variables for circle A as follows:
1. x1 and y1 which are the Cartesian coordinates of
the first sensor, and mathematically they represent
the center point of our circle.
2. a which represents the distance that the first sensor
has reported, and mathematically represents the
radius of our circle.
3. θ1 which represents the field of view of the first
sensor, and mathematically represents the valid
sector region in the circle. This is not required
for finding intercepts initially but will become
important for validating which intercepts are valid.
4. φ1 which represents the angle the first sensor is
facing with respect to the x-axis. The x-axis is
arbitrary but does need to be consistent between
all sensors. Similarly to θ, this is required for
validating which intercepts are valid.
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Figure 6

Two sensors (red circles) detecting the same
object (top-right green circle).
Figure 7

Variables for additional can be denoted in a similar
manner. Thus, the two circles A and B can be
expressed as (x − x1 )2 + (y − y1 )2 = a2 and (x − x2 )2 +
(y − y2 )2 = b2 respectively.
Our task now is to solve these two simultaneous
equations for (x,y) intercepts. Intuitively, two circles
will have between 0 and 2 (inclusive) intercepts, with
infinite intercepts when the circles are equivalent, though
in a sensor network this would not occur outside of a
localization error. At this point we have a simultaneous
equations problem which we solve by subtracting circle
B from A. Basically, to find solutions, we first expand
each circle:
A : x2 − 2x1 x + x21 + y 2 − 2y1 y + y12 = a2

(1)

B : x2 − 2x2 x + x2 + y 2 − 2y2 y + y22 = b2

(2)

Now we can subtract B from A, which simplifies to:
A − B : −2x(x1 − x2 ) − 2y(y1 − y2 ) = a2 − b2 − x21 +
x22 − y12 + y22 .
There are either 0, 1, or 2 solutions in real numbers.
If there are zero solution, then we can conclude that the
sensors are detecting different objects. Our task now is to
validate each of these points (up to two pairs of Cartesian
coordinates), which is to say we need to determine if each
point exists within both cones of vision. We create an
algorithm to determine if each candidate is within the
valid sector region of every sensor. Note that with two
sensors the object candidates are always in range of both
sensors, so we only need to check angles, not distances.
We skip the algorithm for brevity.
When merging 3 or more measurements, these
measurements can be handled initially the same as two
measurements by using any two sensors, and then using
the third sensor to check which object candidate is

A 2D object is detected by two sensors from
different angles, but the measurements do not
trilaterate to one point because of the object’s
width and length.

correct. As before, we draw a circle around the sensor to
represent the sensor’s detection range:
C : (x − x3 )2 + (y − y3 )2 = c2

(3)

We use this circle to substitute our candidate coordinates
to see if the point exists on the circle and then use
the same algorithm mentioned above to verify this point
is on the sensor’s measurement arc. In most cases,
the candidate points are not on the circumference of
the third circle, when the first candidate is valid, then
we may skip the second candidate; otherwise, we need
to select the correct candidate with additional sensor
information in rare occasions. The solution used is one
where all possible pairs of measurements arcs are tested
for valid intercepts, and the final trilateration result will
be the averaged position of all valid intercepts.
However, the above trilateration measurements
cannot be applied to realistic objects that occupy more
than a single point, that is, having a significant area
when viewed from a bird’s eye view 1 . The first problem
is illustrated in Figure 7, where a car has been detected
by two sensors on opposing sides. Because of the width of
the car, the measurements do not intersect at all. Merely
finding intercepts would not yield any trilateration
results and these two measurements would go wasted,
despite providing meaningful data. The second problem
is demonstrated in Figure 8, where the same car is
detected by two sensors, but rather than being on
opposing sides of the car the sensors are close enough
to each other such that their measurement arcs do
intercept. Our ideal trilateration result is emphasized
in purple, at the center point of the car. But because
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A 2D object is detected by two sensors with
intercepts, but the trilateration results do not
indicate the position of the object.
Figure 9

the sensors will only detect the sides of a 2D object,
our best case scenario is a trilateration result that is
on the very edges of the 2D object, and our worst
case scenario is, as demonstrated, an outright incorrect
location. Solving this problem is complex and is believed
to require an algorithm that predicts the dimensions of a
targeted object, which is either not realistic or inflexible.
Because of these two problems, we deem the use of only
measurement arc intercepts to be a fundamentally flawed
approach, and we instead propose a new method dubbed
Noisy 2D trilateration.

One object candidate and the relevant distances.
The objective is to find an object candidate where
the sum of the errors squared is minimised.

4.2 Noisy 2D Trilateration
Since trilateration in either 2D or noisy environments
can cause issues, we need a different method entirely to
solve the problem of trilateration. The solution presented
here scales with n sensors, where n > 1. The idea is
that we cannot assume our object is located along the
measurement arcs. Instead we attempt to find a point
in the environment where the sum of the distances
squared to each measurement arc is minimized. Consider
Figure 9, where an illustration of one possible object
candidate is shown. rn , where n represents the amount
of considered measurements, are the measurement values
returned from each sensor, while en is the distance
error to our object candidate (to the closest point of
the measurement arc). One technique we could take
is
Pnto find a point where the sum of these errors,
i=1 ei is minimized, but in order to weigh large
errors more heavily (as they are approximately normally
distributed, larger errors are less likely based on our
sensor characterization) we will use a squared sum

Figure 10

Recursive Grid with one iteration

instead. Hence we can express the total squared error as
a multivariate function of xa and ya as seen in equation 4.
E(xa , ya ) =

n p
X
( (xa − xi )2 + (ya − yi )2 − ri )2
i=1

(4)
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4.2.2 Grouping Measurements

Figure 11

Recursive Grid with two iterations

A related problem with the above approach is that
it relies on an even spread of measurements around the
object, as is seen in Figure 9. If this even spread does not
exist, then the trilaterated position will be unjustifiably
pulled towards the largest cluster of measurement arcs in
order to minimize the sum of squared errors. These issues
will inevitably add constraints to the physical placement
of sensors such that sensors should have visibility on
objects from opposing sides, as well as to keep sensors
distributed evenly. In this work, we solve the problem
of finding the minimum of the total error function by a
recursive grid approach.

4.2.1 Recursive Grid
A recursive grid approach is used which enables a
relatively simple solution that permits for special rules.
Finding the minimized error is done by dividing the area
bounded by the measurement arcs into an evenly spaced
grid and finding the value of the error function for each
grid intersection. The grid is shown in Figure 10 as an
visualization of the recursive grid approach with one
iteration. An area bounded by the measurement arcs is
divided into an evenly spaced grid and the sum squared
error is calculated for each of intersection of grid lines. To
increase the accuracy of the trilateration the grid can be
divided into a larger amount of points, or alternatively
the process can be run recursively. To do so, we select the
grid point with the smallest error value and repeat the
grid process with the surround 8 grid points used as the
bounds for the grid, as seen in Figure 11. Figure 11 shows
an visualization of the recursive grid approach with two
iterations, continuing from Figure 10. The grid point
with the best error from the first iteration is selected,
and a new grid is formed around the eight grid points
surrounding it. This process can be repeated indefinitely
until a desired accuracy is achieved.
This approach has the significant benefit of
permitting us to set custom rules for which points are
to be considered. Before calculating a value with the
error function we first check for, say, whether or not the
considered point is visible by all sensors and skip the grid
point if not.

Another research challenge left from the above
trilateration approach is to know which measurement
arcs are detecting the same object. A human might be
able to make a reasonable guess from a glance at some
illustrated arcs, but there is no clear way to draw a
line for which measurements belong to each other with
certainty. The goal of this process is to identify a cluster
of measurements representing a single tracked object.
A threshold value is used to group those measurements
that are within a certain distance of each other, which
is assumed to be sufficient given the tests used do not
feature multiple targets or clutter.
To calculate proximity between readings from two
different sensors A and B, we considered four scenarios
in the following order:
1. Any intersections of arc A and arc B.
2. An intermediate point on arc A to an intermediate
point on arc B.
3. An intermediate point on arc A to an end point on
arc B or vice versa.
4. An end point on arc A to an end point on arc B.
The order of the scenarios is important because each
successive scenario provides monotonically increasing
distance estimates. This is due to the fact that each
successive scenario is a modification of the previous one
where the points considered must be further apart.
The ideal scenario is scenario 1, where arcs A and
B intersect. If valid, we have a distance of 0 between
the two arcs and we will always be able to group the
two arcs regardless of the threshold value chosen. To
solve this problem, we can reuse the basic measurement
trilateration solution in Sec 4.1. If there are no valid
intersections, we move on to the second scenario.
The second and most simple scenario is when we can
use an intermediate point on both arc A and B, this is
simply stating that we can draw a straight line from the
center of the circle surrounding sensor A (corresponding
to arc A) to the center of the circle surrounding sensor
B (corresponding to arc B) and subtract the two radius
from the straight line’s length to get our answer.
To work out solutions for scenario 3, we need to
calculate distance between an intermediate point to an
end point. If we look at Figure 12 and consider what
the distance between the arcs is we will come to the
conclusion that the blue and purple line will have to be
rotated around sensor B until it reaches the end point of
arc A. Naturally this means that our blue and purple line
will now cross only one of the sensors. If the rotation we
do places the line such that it no longer intersects with
arc B we will have yet another scenario which will be
considered next when we discuss end point to end point
distance, for now we assume the line stays on arc B.
Figure 13 shows what distance we are measuring in
the end point to intermediate point scenario, and it
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also highlights a problem with the conceptualization of
rotating a line around a sensor. The problem we have
is that if we only rotate until we meet the arc we are
not guaranteed to come across an end point, we may
come across a second intermediate point that gives a nonminimum distance. Luckily there is a simple solution,
which is to keep on rotating until an end point is reached.
We created an algorithm to solve this scenario which,
instead of rotating line around each sensor, approaches
the problem from the other direction and starts with
end points of arc A and then finds a linear equation
of form y = mx + c for each end point where the linear
equation intercepts sensor B, and any invalid results (i.e.
those that do not cross arc B) are filtered out. To find
the intercepts we must solve the following simultaneous
equation where r is arc B’s radius, h is the x coordinate
of sensor B, and k is the y-coordinate of sensor B:
r2 = (x − h)2 + ((mx + c) − k)2

(5)

Equation 6 shows our expanded and simplified
equation after we have combined our two initial
equations as in equation 5. In this form we can simply
use the quadratic formula as shown in equation 7 which
will tell us how many intercepts there are (0, 1, or 2) and
our values for x. We will then be able to substitute back
into y = mx + c to retrieve our corresponding values for
y.
(1 + m2 )x2 +(2mc − 2mk − 2h)x+
(c2 − 2ck + k 2 + h2 − r2 ) = 0

Figure 12 An invalid scenario for calculating arc-to-arc
distance using intermediate to intermediate
points. It is not valid as the blue/purple line does
not cut through Arc A.

(6)

v
u (2mc − 2mk − 2h)2 −
u
u
u 4(1 + m2 )∗
t
x=

−mc + mk + h
±
1 + m2

(c2 − 2ck + k 2 + h2 − r2 )
2(1 + m2 )

(7)

One important detail is that the process of getting
distances by rotating lines around sensors is not
symmetrical, which is to say the results depend on which
sensor you rotate the line around. Figure 12 comes in
useful; if we rotate around sensor B as discussed prior
we would eventually meet an end point on arc A, but
if we tried to rotate around sensor A there are no valid
solutions because by the time you reach arc B, the line
is no longer intersecting with arc A.
The fourth and final scenario is going from an end
point on one arc to an end point on the other. The
prerequisites for this scenario are best explained using
the conceptualization described for the intermediate to
end point scenario. Consider Figure 14, if we drew a line
from sensor A and rotated within the bounds of arc A it
would never intercept arc B. Normally this would not be
an issue because we would simply rotate a line around
sensor B instead, but in this figure we see that even
by doing that we still cannot draw a straight line that
intercepts both arcs as well as a sensor. Our only choice
left is to consider the two end points on each arc and

Figure 13 A valid scenario for calculating arc-to-arc
distance using intermediate to end points.
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of the initial state, H is the measurement trilateration
matrix, and z0 is the initial measurement.
ŝ0 = H T z0

Figure 14 An invalid scenario for calculating arc-to-arc
distance using intermediate to end points. It is not
valid as rotating a line from any of the sensors will
never give an intersection with both arcs.

find the pair of end points, one per arc, that are closest
to each other.
The final implementation of calculating arc-to-arc
distance is to run down the list of 4 scenarios and
take the first non-null (i.e. valid) result we find. One
last problem to address is how to use this with the
threshold value, and for this two unique approaches are
identified. The first approach is to select each ungrouped
measurement in any order2 and designate it as an
anchor measurement, from which all other ungrouped
measurements will be checked for proximity within the
threshold. Any measurements within range as well as
the selected measurement itself will then be considered
grouped, and this process is repeated for each remaining
ungrouped measurement. The second approach to
grouping measurements with a threshold starts off the
same by selecting an ungrouped measurement, but does
not designate it as an anchor measurement. Instead,
every time a new measurement is grouped the proximity
check is repeated for the entire group of measurements,
leading to a potential chain of measurements that
can end up grouping measurements at any unbounded
distance away from the original measurement. In our
experiment, we chose to use the first approach.

4.3 Use of Kalman Filter
During the operation of a sensor network, we assume
that objects steadily maintain its bearing and speed
during each sampling period. So Kalman filter can
be used to establish virtual measurements measuring
the motion linearly rather than the sensor-level
measurements which will have a non-linear change over
time for linear motion due to measuring upon an arc.
We translate it to the state prediction using equation 8
and use it as our initial state, where ŝ0 is the predication

(8)

The state covariance matrix Pk|k = cov(xk − x̂k|k ) is
structured such that it has a column and row for each
element in the state vector x, that is, if the state is
an n × 1 vector the state covariance is a n × n matrix.
The down-right diagonal describes the variance of each
element, for instance, for a two dimensional tracking
problem the variance of the x position, y position,
x velocity, and y velocity. The other “off-diagonal”
elements in the matrix describe the correlations between
each pair of state elements. In the case of our ultrasonic
sensor network we strongly believe our positions and
velocities are not correlated so we focus on the values for
the variances.
In our implementation of an ultrasonic sensor
network, the initial measurement is the initial state
estimate. Rather than guessing a position of an object
ahead of time, the Kalman Filter is simply initialized
when the first measurement comes in.
Since velocity is not observed by the ultrasonic
sensors, a reasonable value for the velocity variance needs
be determined experimentally. A value of 0 is not valid
because it implies perfect confidence in the initial state’s
velocity and thus the velocity would never change. In
general, because we do not have any measurements of
velocity, a high value for the velocity variance is desirable
to reflect our lack on confidence in it.
Next we explain the necessity of trilateration in order
to linearize the relationship between measurement and
state. Doing so before inputting measured range values
into the Kalman filter is considered to be using a virtual
sensor.

4.3.1 The Virtual Sensor
To present the Kalman Filter as a linear model of a
target, we use the concept of a global-range virtual
sensor. The virtual sensor provides a two dimensional
coordinate as a measurement, provided by means of
trilateration as described in Sec 4.2.
To see why this approach is deemed necessary we look
at the complications involved with using a Kalman Filter
on one dimensional range data when attempting to track
in two dimensions.
The issue with using range data directly as our
measurements is that the conversion of state to
measurement is not a linear process, and thus does
not fit into the Kalman Filter. As a demonstration,
consider equation 9 and how a value for the measurement
transformation matrix H would be resolved (vk is
a measurement noise). Our measurement is only a
range value, so we can express our measurement as in
equation 10, where ak is the range value returned from
our sensor.
zk = Hsk + vk

(9)
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zk = ak

(10)

Additionally, we know what our state vector sk
should be in the form of equation 11, where (xk , yk ) is
our object position and (ẋk , ẏk ) is our object velocity.
 
xk
 yk 

(11)
sk = 
ẋk 
ẏk
Our objective now is to find a matrix H such that
zk = Hsk . Consider what we know, using the notation
in Figure 6 our sensor is at known constant position (x1 ,
y1 ) (note the 1 is referring to the Sensor ID and not a
value for k) and our object is located at position (xk , yk ).
With a simple application of the Pythagorean theorem
we can deduct that the value of ak is determined by
equation 12.
p
(12)
ak = (x1 − xk )2 + (y1 − yk )2
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court, we placed six HC-SR04 ultrasonic sensors which
were controlled by three Raspberry Pi nodes. The six
sensors are denoted as the black dots shown in Figure 15.
Each sensor was angled inwards towards to the center of
the court to create trilateration detection zones where
ultrasonic signals overlapped.
Because of this L-shape sensor arrangement, the
density of sensor signal coverage was non-homogeneous.
That is, the best covered area was in the lower left region,
and the worst covered area at the upper right corner.
In order to guarantee that the tracking object travels
through different areas, we chose three trajectories:
• The first trajectory was a straight horizontal line
as the green path shown in Figure 15.
• The second trajectory ran at a diagonal straight
line as the red path shown in Figure 15.
• the third trajectory was a sharp 90 degree turn as
the blue path shown in Figure 15.

This is where our filter encounters issues with nonlinearity. Consider our matrix H again which must be of
dimensions 1 × 4 in order to make equation 9 valid for
our dimensions of sk and zk . We know velocity is not
available in our measurements, so we can discard ẋk and
ẏk with values of 0 as in equation 13.


H = x, y, ẋk , ẏk
(13)
But what of the two values for x position and y
position? We need to find a value to multiply by xk and
another separate value to multiply by yk , such that for
some numbers c and d, we have a solution c × xk + d ×
yk = ak . Since equation 12 is not of this form, we cannot
continue and we conclude that we will not be able to
use the Kalman Filter when using range measurement
directly.
It is worth noting that there is a benefit to using the
virtual sensor approach other than being able to fit a
linear model, and the benefit has to do with convergence.
If a Kalman filter is run independently for each sensor we
are assuming that the filter will get a significant amount
of measurements from each sensor such that the Kalman
filter can converge to a reasonable state estimate.

5 Experiment,
Discussion

Results,

Analysis

and

5.1 Experiment Setup
To test the effectiveness of this localization approach we
tracked a moving object in an open court with concrete
floors of 330 cm by 390 cm. We chose this area of
concrete floors to represent typical scenarios where low
speed moving objects are tracked in our daily life such as
reversing vehicle, detecting a groud obstacle for seniors
and so on. Along the two perpendicular edges of the

Figure 15 Our Experiment Layout with 6 Ultrasonic
Sensors and 3 Trejactories

We used a radio-controlled car as the target object.
The dimensions of this car are 16 cm wide, 37 cm long
and 22 cm tall. We manually controlled the car to travel
on the marked paths at constant speeds for each round
and the moving speeds were always less than 2 meters
per second.
The first check before running an experiment is that
each sensor can connect to the server as well as to check
that each sensor is taking measurements as expected.
Each sensor should return only time outs when the RC
car is not in front of it, and should return measurements
when the RC car is in front. If the sensor returns
undesired measurements, it is pointed upwards in case
it is detecting echoes from the ground, else it is replaced
with a different sensor3
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Once it is established that each sensor is functioning
correctly, the sensors are configured with a number of
parameters. The ambient temperature is recorded and
this temperature information is broadcast to each sensor
where the speed of sound is accordingly adjusted to a
value of 331.3 + 0.606 × T (Where T is the recorded
temperature in degrees Celsius), increasing the accuracy
of measurements. Additionally, a maximum distance is
chosen which will stop sensors from detecting objects in
the far distance but will still be high enough to pick up
the RC car at all ranges that the sensor is capable of. In
the experiments performed, a value of 3.1 m was chosen
although a value as low as 2.5 m would have sufficed
given that the sensors did not detect the RC car past
this range.
Next we will require a real position in order to
quantify the accuracy of our results. The path our RC
car takes is marked and we will be assuming the RC car
has a constant speed throughout the experiment. What
we are missing is information about time, we need to
know where the RC car is as well as when. To get this
information we can use two time values: A start time
and a duration. If we record the time the RC car begins
moving and the time it takes to travel the entire path
we can use our constant speed assumption to get a real
position at all times. Therefore, before any experiment
is performed, a start time4 is written down and the
experiment is begun once this time comes to pass.
The experiment itself is done by a human controlled
RC car which will drive from the start to the finish of
one of the pre-specified trajectories which are drawn on
the ground. The car drives such that the middle of its
front bumper starts and stops at the drawn start and
finish points respectively. To get the duration that it
takes the RC car to move from start to finish a beeping
sound is played every 0.5 seconds and the driver of the
RC car keeps count of the beeps which can then be
converted to a duration in seconds. For this experiment
the sensor server is turned on only for the duration of the
RC car’s trajectory as well as any time it takes for the
sensor clients to connect as well and the RC car driver to
prepare. Once turned off the sensor server stores all of the
measurement messages and the times they were received,
and the RC Car driver writes down the trajectory, start
time, and duration along side each sequence of messages.
For each trajectory, we drove the radio-controlled
car for nine runs. The sensors were set to take
measures at 5 Hz. The results are listed in Table 2.
Specifically, the “Samples” column shows the number
of sampled readings retrieved throughout a particular
run; the “Trilaterated” column shows the number
of valid measurements after the trilateration process
(i.e., noisy 2D trilateration); and the “Error” column
displays the root-mean-square errors (RMSE) of the
trilaterated position relative to the actual position over
the trajectory of the vehicle.
The horizontal test features the car moving
perpendicular to half of the sensors, while the sharp turn
trajectory is also moving perpendicular to half of the

Trajectory
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Diagonal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Straight Horizontal
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn
Sharp Turn

Table 2

Run
1
2
3
4
5
6
7
8
9
1
2
3
4
5
6
7
8
9
1
2
3
4
5
6
7
8
9

Samples
50
60
56
99
72
91
106
41
25
33
48
44
69
53
54
71
22
22
34
46
45
68
105
110
45
28
27

Trilaterated
22
15
14
22
18
6
24
14
10
12
15
20
23
17
18
29
6
6
26
32
27
27
18
13
0
12
0

Error
92.65
73.34
66.68
86.98
64.03
73.57
69.25
76.18
74.79
23.77
33.56
44.98
32.50
21.38
24.95
25.71
41.06
33.45
26.31
32.14
30.77
25.63
29.23
30.37
30.74
39.05
55.16

cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm
cm

Experimental Results for the 3 Trajectories

available sensors for a large portion of its trajectory. In
this situation, sensors generally did not under predict the
RC car’s position despite the fact that the car is moving
away from the sensors.
The straight diagonal tests feature average RMSEs
over twice as high as the straight horizontal and
sharp turn tests, which raises the question as to what
is occurring in the diagonal tests. Investigating the
measurements directly reveals a clear pattern where
measurements lag behind the RC car. The measurements
were consistent throughout all iterations of the straight
diagonal experiment — the minimum RMSE was 64.03
cm with a maximum of 92.65 cm while, for comparison,
straight horizontal featured a minimal RMSE as 21.38
cm and a maximum of 44.98 cm. These delays could
potentially result from the filter applied to estimate
position from the trilaterated position.

5.2 Compared with previous studies
Our results show some improvement over previous
studies Li et al. (2009), whose closest equivalent
experiment was tracking a robot, that appears to have
similar dimensions to the RC car used here and is driven
in a square-shaped trajectory, where they managed to
achieve an average error of 30 cm. This study also made
use of 30 ultrasonic sensors and 10 infrared sensors,
and despite this having five times as many ultrasonic
sensors we have managed comparable performance when
considering the Sharp Turn experiment, which features
motion very similar to the square shaped trajectory
tested in Li et al. (2009). The improvement is largely
contributed by the superior accuracy of the noisy
2D trilateration and application of Kalman filter to
remove noise, both of which are based on the sensor
characterization results. Furthermore, it is believed that
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improvement of the synchronization and measurement
scheduling further increases the accuracy of our results
on the assumption that doing so will decrease the quality
of false positive measurements being experienced.
However, we achieved much higher error rates overall
comparing with the error rates using ultrasonic sensors
in Table 1. In particular, our errors were almost three
times bigger than the average error of 19 cm according
to Zhang et al. (2012). We believe this may be partially
due to the radio-controlled car not being visible to many
sensors throughout the entire trajectory. Because the
sensors are pointed inwards visibility is high at the cross
section found roughly in the center of the sensing area,
but in all three trajectories there is no visibility during
the end of the RC car’s path. This is problematic as
the error rate is heavily influenced by the final velocity
estimate of the Kalman filter, and is more problematic
when our results did not have enough trilateration results
for the Kalman filter to converge to a reliable velocity
estimate.
Our observations imply that the errors were largely
affected by the choice of trajectories. That is, we
obtained smaller errors when the radio-controlled car
was traveling at consistently close distances to the
sensors; conversely, the diagonal straight path was the
gradient line which the sensor signal density changed
most drastically.

6 Conclusions and Future Work
This paper investigates the use of a cluster of inexpensive
ultrasonic sensors to track moving objects in a physical
environment, addressing the research gap in current
literature which largely uses simulated results with
simplified sensor models instead of empirical results
collected from field tests. In particular, issues with
achieving reliable readings from inexpensive ultrasonic
sensors are quantified and form the basis for the
localization approach evaluated here. The results
achieved are comparable to other related work although
a much smaller cluster is used here.
Suitable parameters relating to measurement success
and accuracy with respect to distance and angle are
used to describe a model of an unreliable sensor
based on an HC-SR04 ultrasonic sensor connected to a
Raspberry Pi. Typical properties of such parameters are
determined by experimental measurement. Data fusion
and synchronization techniques are then employed in the
development of a sensor cluster for localizing moving
objects.
We build an inexpensive sensor network consisting
of six HC-SR04 ultrasonic sensors controlled by three
Raspberry Pi nodes. This sensor network is able to track
a moving object. Issues regarding sensor coverage are
identified with the most accurate results being achieved
when the object is traveling in the areas where ultrasonic
signals overlap to facilitate trilateration.
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These results suggest further development and
evaluation of tracking approaches that can exploit
estimates of accuracy and of probability of missing data
to further improve the accuracy of the trilateration
process.
Our current solution cannot distinguish the shape of
the moving object, in future work we intend to use an
advanced technique like the range map in Do and Kim
(2013) to estimate the shape of the tracked object. For
this paper, we concentrate on using less and inexpensive
ultrasonic sensors to achieve the same rate of accuracy
for tracking a moving object.
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