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Abstract. This paper presents algorithms, simulations, and empirical
results of a system that finds relative tag positions in 3D space using a
new approach called “mobile infrastructure.” Mobile infrastructure con-
sists of one or more sensors in a fixed configuration on a mobile platform,
and a set of tags affixed to objects or locations in the environment which
the users want to localize. It is especially useful in cases where infrastruc-
ture is needed only temporarily, such as during installation, calibration,
or maintenance. Mobile infrastructure can cover a much larger area than
installed infrastructure with the same number of sensors, and is especially
useful in cases where localization hardware costs are asymmetric, with
expensive sensors and inexpensive tags. The data collected at various po-
sitions are combined by a simple “leapfrog” procedure, with constrained
optimization to obtain better accuracy. Our system achieves about one
foot (0.3 meter) accuracy with 90% confidence in indoor environments.

1 Introduction and Related Work

Location-awareness is a key component for achieving context-awareness. In most
cases, a ubiquitous computing system must know the locations of its sensor and
actuator devices. However, few systems bootstrap the locations of devices in a
way that is acceptable to end-users. Often, users are expected to manually enter
room names or manually survey geometric coordinates. This greatly increases
the barrier to entry of ubiquitous computing systems and location based services,
due to the expense of skilled installer labor, high probability of data-entry error
and difficulty of troubleshooting configuration errors.

There are two general approaches to automatically bootstrap device posi-
tions. The first approach is to use an already-available positioning system. How-
ever, GPS only works reliably outdoors and outside of city centers, GSM [15] or
TV-signal based [20] localization are precise only to tens of meters, and WiFi
either has similar precision problems [9–11] and/or requires extensive prepara-
tory manual surveying and calibration [5, 8]. Powerline positioning [16] has also
been proposed, but it also requires a manual survey.

The second approach is for devices to self-localize by collectively determin-
ing their positions relative to each other. Time-Of-Arrival (TOA) and Time
Difference of Arrival (TDOA) ultrasonic-based systems, while accurate to a few
centimeters [14, 23], are limited to a roughly five meter range and are subject



to reflections, obstructions, and directionality restrictions. In many cases, they
only work in 2D spaces [19, 25]. Radio Signal Strength (RSS) systems [7] are
also subject to environmentally-determined attenuation, and are precise only to
several meters. Ultrawideband (UWB) systems have better range (up to 100m)
and accuracy (down to 15cm), but these systems are either not commercially
available [1], or are still too expensive for many applications [2, 3], since they
require the developer to embed an expensive wireless chip in each device.

In this paper, we introduce a third approach to bootstrapping device loca-
tions. Our approach is based on taking a series of measurements from ultrawide-
band Angle-of-Arrival (AOA) sensors mounted on a mobile cart. UWB provides
the high-accuracy localization in the presence of clutter and environmental vari-
ation, while the cart’s mobility allows our platform to act like a set of “virtual
nodes,” covering many positions.

Our experiments test this approach using Ubisense’s localization hardware [4].
Unlike other UWB positioning systems, Ubisense has two types of nodes: UWB
transmitters (“Ubitags”), which are small (6cm x 9cm x 1cm), light (50g), and
cheap), and UWB receivers (“Ubisensors”), which are larger (21cm x 13cm x
7cm), heavier (690g), and more expensive. Ubisensors determine the position
of the Ubitags. The Ubisense system is designed to be a general-purpose loca-
tion infrastructure. In its intended use, the Ubisensors are permanently installed
in the upper (usually four) corners of a room, and their relative positions are
carefully measured and manually input by a skilled technician.

In our system, we reverse the roles of the Ubisense hardware: the Ubisensors
are attached to the a moveable cart (see Fig. 7), and the Ubitags are assumed to
be embedded or attached to the non-moving devices that are to be localized. As
the cart is wheeled around, it computes the positions of the tags it sees. Provided
that different perspectives detect enough overlapping tag sets, it is possible to
determine the positions of all the tags in a single, common reference frame,
which may span a space far larger than could be covered by a comparable set of
Ubisensors. Furthermore, the cart can be later reused for a completely different
installation. We call this approach “mobile infrastructure.”

Our work contributes an algorithm for static tag localization based on AOA
measurements, evaluates the effectiveness of this algorithm both in simulation
and in practice, and evaluates improvements to the simple leapfrog algorithm
with constrained optimization technique. We also study AOA data obtained
from Ubisensors, to preprocess and pre-filter the raw data to get better and
more robust localization results.

There are similarities between our approach and mobile-assisted localization
(MAL) [17, 18, 21, 22, 24]. Generally, MAL algorithms estimate relative distances
rather than angles and assume that all nodes, mobile and static, can both trans-
mit and receive; generally, they have assumed homogeneous installations in which
the mobile nodes are identical to the static nodes. Our work also differs from
SLAM [13] in the robotics community, in which one or more robots simulta-
neously produce a map of the walls and obstacles in the environment (often
through laser scanners or vision) while navigating. However, SLAM is not fo-



cused on determining the relative locations of tagged objects, and is specifically
intended for autonomous mobile platforms rather than human-controlled ones.

The rest of the paper is organized as follows. Section 2 provides a system
overview for tag localization using mobile infrastructure. Section 3 presents the
algorithms, a leapfrog procedure and refinements to it using constrained opti-
mization. Section 4 presents simulation results that evaluate the algorithms given
different sensor configuration and noise parameters. Section 5 demonstrates the
system using a real hardware deployment, with an emphasis on preprocessing
and pre-filtering AOA data from the Ubisense System. Section 6 concludes the
paper and suggests future directions.

2 System Overview

Fig. 1. Local reference frame for a sensor and AOA of a tag.

Each AOA sensor has six degrees of freedom in space: xs, ys, zs, as, bs, rs

where xs, ys, zs are 3D coordinates and as, bs, rs are yaw, pitch and roll angles,
respectively. In the rest of this paper, we assume rs = 0. Tags have xt, yt, zt

locations, but no orientation. Each AOA sensor’s parameters (xs, ys, zs, as, bs)
define its own reference frame. The position of a tag in a sensor’s reference frame
uniquely determines the AOA: yaw α and pitch β (Fig. 1). Each tag/sensor pair
introduces two equations. Let xs

t , y
s
t , z

s
t be the location coordinates of a tag in the

sensor’s reference frame, and α and β be the yaw and pitch angles, respectively.
From these, the following two equations may be deduced:

xs
t sin(α)− ys

t cos(α) = 0 (1)
xs

t sin(β)− zs
t cos(β) cos(α) = 0 (2)



where xs
t , y

s
t , z

s
t can be obtained given the sensor’s position xs, ys, zs, as, bs and

the tag’s position xt, yt, zt in a global reference frame according to a standard
coordinate transformation [6]:




xs
t

ys
t

zs
t

1


 =




T ′ −T ′




xs

ys

zs




0 0 0 1







xt

yt

zt

1


 (3)

where T is the rotational transformation matrix for the sensor frame:



cos(as) cos(bs) − sin(as) cos(as) sin(bs)
sin(as) cos(bs) cos(as) sin(as) sin(bs)
− sin(bs) 0 cos(bs)


 (4)

Using the set of equations (Eqs. 1 and 2 for each tag/sensor pair), one can
compute a tag’s location xt, yt, zt given AOA data from two sensors with known
locations (four equations, three unknowns). Or one can compute a sensor’s orien-
tation (as and bs) given AOA data from a fixed tag at a known position relative
to the sensor (two equations, two unknowns).

Fig. 2. Two sensor platform with the local frame in the center between the sensors.

Our problem is to localize a set of static tags in 3D space. The sensor pair on
the cart is depicted in (Fig. 2), and for simplicity, we set bs = 0. The distance
between the two sensors is fixed. The cart can move in four degrees of freedom,
xc, yc, zc and yaw ac. A simple, fixed transformation exists between the cart
coordinates and sensor coordinates. At each cart position, only a subset of tags
can be seen by the sensors, however, we assume each tag can be seen by the
sensors at least once at some cart position.

We roughly estimate how many cart positions are needed for tag localization
as follows. Let the first cart position be the global reference frame. Each new cart



position adds four unknowns. If at least k tags can be seen at a cart position,
at least 4k equations are added. Let n be the total number of tags and m be
the number of extra cart positions. There are 3n + 4m unknowns and at least
4k(m + 1) equations. One may solve the set of equation for the unknowns if
4k(m + 1) ≥ 3n + 4m, i.e., the number of equations is greater than the number
of unknowns.

Note that the number of cart positions is only one factor in determining
whether the equations can be solved. Another important factor is the connectiv-
ity of the overall tag/sensor pairs. A tag is connected to a sensor at a position if
it can be seen by the sensor at that position. There are 2(m + 1) sensor nodes
and n tag nodes for m + 1 positions and n tags, which constitute a bipartite
graph. Such a graph has to be at least connected to have all coordinates in the
same reference frame. For example, if three tags are seen by the sensors in the
first cart position, and a totally different three sensors are seen by the sensors in
the second cart position, one cannot obtain the six tag locations in a common
reference frame, although 4 × 3 × 2 ≥ 3 × 6 + 4. Let c ≥ 1 be the minimum
number of tags in common for a new location. Given n tags, if at most K tags
can be seen at a time, i.e., at most K − c new tags can been seen at each extra
location, we need K +(K−c)m ≥ n to see all the tags. In the previous example,
we have 3 + (3− 1) < 6.

The inputs to our algorithm are AOA data at each cart position, i.e., α
and β, where α(i, j, l) and β(i, j, l) are the yaw and pitch angles, respectively,
from sensor j to tag i at l’th position. AOA sensing scope is limited by both
distance and angles. If tag i is out of range of sensor j at position l, α(i, j, l)
and β(i, j, l) are set to infinity. Given the input data α and β, we first filter
out bad cart positions. A cart position is bad if it does not have at least two
sensor/tag connections. We remove such cart positions since each position adds
four variables and one pair of sensor/tag connection adds two equations; a good
cart position must add more equations than variables.

3 Localization Algorithm using the Mobile Sensing Pair

We can plug the data α and β into the equations (1) - (2) in the previous sec-
tion, and use a nonlinear solver to find the n tag locations and m cart positions.
However, since the constraints are nonlinear and the size of the problem is large
(4m + 3n variables for m positions and n tags), the solution in practice is in-
tractable. Fortunately, due to the special configuration of the sensor platform,
we can get a complete or partial solution using a set of linear equations.

3.1 Closed-form Solutions

The procedure consists of two components: from sensors to tags, and from tags
to sensors.



From Sensors to Tags Given a position of the two-sensor frame (Fig. 3),
x, y, z, a, the two sensor locations are x1, y1, z, a and x2, y2, z, a, respectively,
with x1 = x − d sin(a)/2, y1 = y + d cos(a)/2 and x2 = x + d sin(a)/2 and
y2 = y − d cos(a)/2 where d is the distance between the two sensors.

Fig. 3. 2D projection of the two sensor platform.

Let λ1 and λ2 be the distances from a tag to the two sensors in the XY plane,
respectively. We have

xt = x1 + λ1 cos(α1 + a) (5)
yt = y1 + λ1 sin(α1 + a) (6)

xt = x2 + λ2 cos(α2 + a) (7)
yt = y2 + λ2 sin(α2 + a) (8)

and from

λ1 cos(α1 + a)− λ2 cos(α2 + a) = x2 − x1 = d sin(a)
λ1 sin(α1 + a)− λ2 sin(α2 + a) = y2 − y1 = −d cos(a)

one can solve for λ1 and λ2. Setting these values in Eqs. (5) and (7), we have

xt =
1
2
[(x1 + λ1 cos(α1 + a)) + (x2 + λ2 cos(α2 + a))] (9)

and similarly,

yt =
1
2
[(y1 + λ1 sin(α1 + a)) + (y2 + λ2 sin(α2 + a))] (10)



Using equations

zt = z + λ1 tan(β1) (11)
zt = z + λ2 tan(β2) (12)

we have
zt = z +

1
2
(λ1 tan(β1) + λ2 tan(β2)) (13)

From Tags to Sensors If the pair of sensors can see multiple tags with known
positions, the sensor frame position x, y, z, a can be obtained. Let αik and βik

be yaw and pitch angles from sensor k to tag i, respectively, and let λik be the
projected distance between tag i and sensor k on the XY plane. If a tag i can
be seen by both sensors, we have

−λi1 sin(αi1) + λi2 sin(αi2) = d (14)
λi1 cos(αi1)− λi2 cos(αi2) = 0 (15)

and we can compute λi1 and λi2. Given a pair of tags i and j, and a sensor at
xk, yk, zk, a, where k = 1 or 2, we have

xk = xi − λik cos(αik + a) (16)
yk = yi − λik sin(αik + a) (17)

xk = xj − λjk cos(αjk + a) (18)
yk = yj − λjk sin(αjk + a) (19)

and

xi − xj − λik cos(αik + a) + λjk cos(αjk + a) = 0 (20)
yi − yj − λik sin(αik + a) + λjk sin(αjk + a) = 0 (21)

(22)

Let (20) cos(a) + (21) sin(a) we have

(xi − xj) cos(a) + (yi − yj) sin(a) = λik cos(αik)− λjk cos(αjk) (23)

and let (20) sin(a)− (21) cos(a) we have

(xi − xj) sin(a)− (yi − yj) cos(a) = −λik sin(αik) + λjk sin(αjk) (24)

If a sensor sees n tags, there are 2(n − 1) linear equations with two variables
cos(a) and sin(a). When n ≥ 2, one can solve the set of linear equations and
obtain cos(a) and sin(a). Therefore a = arctan( sin(a)

cos(a) ). Using Eq. (16) and (17)
for each tag i, we have

xi
1 = xi − λi1 cos(αi1 + a)
yi
1 = yi − λi1 sin(αi1 + a)

xi
2 = xi − λi2 cos(αi2 + a)
yi
2 = yi − λi2 sin(αi2 + a)



and also

zi
1 = zi − λi1 tan(βi1)

zi
2 = zi − λi2 tan(βi2)

Therefore, the estimated locations for sensor 1 and 2 seeing n tags are
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respectively. The center of the sensor frame is at: (x1+x2
2 , y1+y2

2 , z1+z2
2 ).

3.2 Leapfrog Algorithm

The leapfrog algorithm is the approach we use to calculate all tag positions in
a common reference frame. Starting from the position from which we can see
the maximum number of tags (this will be used as the reference frame), the
leapfrog algorithm alternates between computation of tag locations and cart
locations, using the closed-form solutions from the previous section, until all the
locations are obtained. In particular, after locating the tags using the in the
current sensor frame, it then selects as the next frame the sensor frame with the
maximum number of known tags (i.e. those which have been observed by any of
the sensor frames we have already processed). It computes the location of this
new frame, and proceeds iteratively. The pseudocode is shown in Table 1.

The leapfrog algorithm is simple, but it may only give a partial solution if
there are not enough connections. For example, in line 1 of the algorithm, there
may be no tags connected to both sensors, i.e. cTs = ∅, although there may be
tags connected to one sensor. Also, in line 5, there may be no next unknown
sensor frame that can see at least two known tags. Another potential weakness
of this algorithm is that errors in localization of the previous tags will propagate
into the localization of the next frame, accumulating over time. How to select
the best next sensor frame to reduce error propagation is an open question for
future research. Some techniques in error control for self-localization similar to
those in [12] may be employed. This error accumulation might also be limited
by adding a small number of anchor points with known locations, e.g., using a
blueprint of the building.

3.3 Optimization-based Algorithms

The leapfrog algorithm does not work well when connectivity is low and when
inputs are noisy. The optimization-based algorithms below are more robust and
work by minimizing the least-square errors for all equations.

Let ek = 0 be an equation from one tag/sensor pair. One can minimize
1
2Σke2

k for all tag/sensor pairs. We found the constrained optimization (fmincon



Inputs:
αijl, βijl: angles from tag i to sensor j at cart position l

Outputs:
xi, yi, zi: locations for all tags;
xl, yl, zl, al: positions of the mobile sensor frame;

Notations:
l: current sensor frame
kTs: the set of tags with known locations
cTs: the set of tags connected to the current sensor frame

Initialization:
l ← 1: the first sensor frame is the reference frame,
kTs ← ∅: all tags are unknown position

0. while there is a sensor frame l:
1. Let cTs

be the set of tags connected to frame l;
2. Let cnTs ← cTs\kTs

be the set of connected tags with unknown locations
3. Compute tag locations for each tag in cnTs

using the closed-form solution in Section 3.1
4. kTs ← kTs ∪ cnTs
5. Let l be the next unknown sensor frame

with the maximum connections to known tags
6. Compute the position of the sensor frame

using the closed-form solution in Section 3.1
7. end while

Table 1. Leapfrog algorithm for tag localization using a mobile infrastructure.



in Matlab) works particularly well for this problem, where constraints are ranges
for locations ([−b, b] where 2b is the size of the x, y or z dimension) and angles
[−π, π]).

We have tried two variations of this approach. The first variation (LSLeapfrog)
is to apply the optimization procedure at each leapfrog step, i.e., at each step,
from sensors to tags or from tags to sensors, using the closed-form solution first,
and then apply the least-square minimization with the closed-form solution as
the initial value. The second variation (LeapfrogLS) uses the original leapfrog
solution as the initial value for least-square minimization of all equations.

In the next section, we compare the performance of these three algorithms
(Leapfrog, LSLeapfrog, LeapfrogLS) with two different tag configurations and
analyze their robustness in the presence of noise.

4 Simulation Results

In this section, we analyze the localization performance in two scenarios: “Wall,”
in which tags are put on four walls of a room, and “Hallway,” in which tags are
distributed along two walls of a narrow hallway. A total of 12 tags are used, in
an area bounded by [−150, 150] inches1. Figure 4 shows the wall and hallway
scenarios.

Fig. 4. The “Wall” scenario (left) and “Hallway” scenario (right).

1 In this paper, distances are measured in inches (1 in = 2.54 cm) and angles are
measured in radians (1 radian = 180/π degrees)



In our simulations, we use sensors separated by either 25 inches or 40 inches,
with additive sensor noise modeled by a uniform distribution2 in [−m,m] where
m is either 0.01 or 0.02 radians, a value based on the measurements of Section
5.1. The algorithm itself does not require an explicit noise model; this is for
performance analysis only. The AOA sensing range of the sensor is [-1.2, 1.2]
radians for yaw angles and [-1.0, 1.0] radians for pitch angles, the limits of the
actual Ubisense hardware.

We then compare the three algorithms of the previous section are compared
using average estimation accuracy. The estimation accuracy for one tag is the
distance between the true and estimated location; the average estimation accu-
racy across all tags is used as the overall performance metric of localization.

Figure 5 shows samples of the 2D projections onto the XY plane for these two
cases (where the noise is 0.02 radians and the distance between two sensors is 40
inches) resulting from LeapfrogLS; the lines from the tags and sensors indicate
the displacements between the actual and estimated locations.

Fig. 5. localization results, left: wall tags, right: hallway tags.

For the wall case, each of the four walls has three tags placed in random
positions, and for the hallway case, each side has six tags in random positions.
In both cases, the heights are uniformly randomly distributed in [-24, 24] inches.
For the wall case, there are five cart positions, with the first position in the
middle of the room. In the hallway case, there are three cart positions, with
the first one in the middle of the hallway. Note that we use fixed, rather than
random, cart positions to reduce run-to-run variations since cart positions can
affect the localization results significantly. We generate 30 random cases for each
selection of sensor separation and noise range, and run the three algorithms on
each of the 30 cases. Location accuracies of 90% confidence level for the wall case
is shown in Table 2, where d; m indicates the distance between the sensors d in

2 In other simulations, normal distributions gave similar results.



inches and angle noise range m in radians. Each entry x represents at least 27 out
of 30 runs (i.e. 90%) have error less than x inches. We can see that in all cases,
LeapfrogLS is better than LSLeapfrog, which is in turn better than Leapfrog.
The distance between the sensor pair also matters: the larger the distance, the
smaller the error.

algorithms 25 in; 0.01 40 in; 0.01 25 in; 0.02 40 in; 0.02

Leapfrog 107 in 68 in 143 in 95 in

LSLeapfrog 54 in 31 in 67 in 58 in

LeapfrogLS 15 in 11 in 39 in 15 in

Table 2. 90% confidence level for all algorithms on wall case.
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Fig. 6. Error distribution for hallway case with distance 40in, left: noise 0.01, right:
noise 0.02.

Figure 6 shows the cumulative error distribution function for the hallway
case, with distance between the sensor pair 40 inches, and noise of angles 0.01
and 0.02 radians, respectively. Again, we see that LeapfrogLS is better than
LSLeapfrog, which is in turn better than Leapfrog, and the larger the angle
noise, the bigger the error.

5 Real Experiments

We tested our algorithms using the Ubisense Location System. Figure 7 left
shows a prototype of the system: two Ubisensors are mounted vertically on the
poles with distance 40 inches. Our initial test had eight tags on two walls, and
the space between neighboring tags was about 24 inches (Fig. 7 right).

The simulated and real experiments differed in their source of input data.
For simulated cases, data were generated given the tag sensor positions and the



Fig. 7. Left: the mobile cart with two Ubisensors, right: 8 Tags on two walls.

noise model. For real experiments, data were generated from continuous AOA
sensor readings during operation. In order to get a set of good data inputs
corresponding to a set of cart positions, we moved the cart to multiple locations
and stopped at each location for 5 to 10 seconds to get stable angle readings.
The next section describes how to get a clean set of angle data for each location
of the cart.

5.1 Data Preprocessing

In order to understand the noise characteristics of Ubisense data, we performed
a series of experiments. The results from these experiments guided us to develop
a robust data extraction algorithm from a continuous source of input data.

We first studied horizontal and vertical angle variations given a static pair of
a sensor and a tag. We put a sensor and a tag in a fixed position, and measured
AOA data in a given time period. Although details depended on the relative
positions of the sensor and the tag, we found that error distributions with respect
to the mean were very similar. Figure 8 shows the histogram from one data set.
The standard deviations are between 0.01 and 0.03 radians for both yaw and
pitch angles in our experiments. The distribution seemed not to be affected by
distance or angle, although angles approaching the boundary of the valid range
(about +/- 1.2 radians in yaw and +/- 1.0 radians in pitch) sometimes did
result in readings with large variations. We filtered out data at large angles for
robustness. To reduce variations in angle readings, we also averaged multiple
data points for a stable position.

The raw AOA input to our algorithm is a continuous series of data points,
with each entry: timeslot, sensor, tagID, α, β, where timeslot is the time slot
in which the data is taken (one slot is about 1/40 second), sensor and tagID
indicate from which pair of Ubisensor and Ubitag the data were obtained, and α
and β are the pitch and yaw angles, respectively. Although in a stable position the
angle variations are small, when the sensors are moving, readings are generally
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Fig. 8. Histogram of error distribution with respect to mean for a fixed sensor/tag.
Errors are measured in radians.

not reliable. In our system, we attempt to use only data from stationary points,
where the data are relatively stable.

First, we segment the input data so that consecutive data points with both α
and β variations less than ε are grouped. Only groups with the number of data
points more than n are kept. In our experiments, we set ε = 0.05 and n = 5.
Each group has a starting time slot s and ending time slot e, and an average
α and β in the period of [s, e]. Figure 9 shows the original and grouped data
points for a sensor/tag pair. Note that, as seen in the figure, this process also
removes some isolated bad data. After grouping data points for each tag/sensor
pair, the next step is to find a common set of data points which are consistent
for all tag/sensor pairs. Such a set of points corresponds to the set of stationary
positions in the trajectory of the mobile sensor platform. Figure 10 illustrates
this process for two data sources. Let the start and end time of a period be
represented as a left and right parenthesis, respectively. We first order all the
parentheses along the time line and then search for periods with balanced left
and right parenthesis. Note that it is possible that not all sources have data in
a given time period.

5.2 Experiment Results

Figure 11 shows 2D and 3D views of the estimated locations of the 8 tags in
Fig. 7 (right) using LeapfrogLS. To get a sense of the error in these experiments,
we use the mean square error (MSE) of the model fitting error. Note that this
is not the error from the ground truth, but merely the residual error remaining
in equations 1 and 2 once the algorithm terminates.
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Fig. 11. Results of 8-tag localization (units in inches).

Let ek = 0 be an equation from one tag/sensor pair. We use
√

1
2nΣn

k=1e
2
k,

where n is the number of equations, for error estimates for real experiments.
For the above example, the MSE of LeapfrogLS is 2.7 inches, and the MSE for
LSLeapfrog and Leapfrog are 4.7 inches and 11 inches, respectively. In general,
we find that the smaller the MSE, the smaller the position error. In cases where
more than one solution exists, one may get a small MSE with large position error.
However, we can usually avoid such cases by moving to a sufficient number of
positions and taking enough data to guarantee a unique solution.

6 Conclusions and Future Work

We have presented an algorithm, and simulation and empirical studies of our
approach to localizing static tags using mobile infrastructure to cover an area
far larger than the sensor range. We show how a closed-form solution can be used
to yield approximate results, and to what extent further optimizations improve
these results when applied iteratively (LSLeapfrog) and when applied globally
(LeapfrogLS) (e.g., location accuracy of 1 ft. (0.3 m) vs. 3 ft. (1 m) or 5 ft.
(1.5 m)).

Note that although errors accumulate in the leapfrog procedure, the global
optimization for the solution refinement minimizes the overall errors. In describ-
ing our experiments, we have used the MSE of the data fitting error rather than
the MSE of the deviation from ground truth. Future experiments will measure
both the accuracy of our localization and its growth as we use the mobile infras-
tructure over increasingly large areas.

One advantage of our approach is that no computer control of cart move-
ment is needed; the natural movement of the cart during an installation process
should be sufficient, although a few extra stops might be needed. Our algo-
rithm automatically filters out bad cart positions in which too few tags are in
view. In general, the more good cart positions, the more data, and the bet-
ter the results. Compared to the Ubisense Location System with static sensors,
our system achieves similar results as a fully “untethered” (i.e. without TDOA



measurements) configuration, which has an accuracy of about 0.4 m with 90%
confidence.

One way to extend this work would be to incorporate other kinds of motion
data, using inertial sensors or odometry. A cart with an inertial or wheel sen-
sor could provide an alternative way to know when the cart was stationary. A
wheel-mounted odometric distance measurement could also be combined with
the tag readings to improve the overall system accuracy. Our system’s perfor-
mance would also improve if the extra TDOA data from the Ubisense hardware
were used to augment the AOA data, or if greater numbers of sensors could be
used to achieve better connectivity.

Although the approach presented in this paper used two sensors on the cart,
it is theoretically possible to localize static tags with only a single AOA sensor, if
distance data of the mobile sensor are available. Such a system would be smaller
and perhaps could be integrated into a portable device such as a cellphone with
an embedded accelerometer and would enable a greater set of applications. One
example would be for home assistant robots. A robot with an AOA sensor could
localize a set of tags, and at the same time, localize itself using the static tags as
landmarks. On the other hand, rather than using only a single sensor, a system
with more than two sensors could have a larger detection field, could collect data
in fewer steps, and could allow for greater tag connectivity.

A greater set of applications would also be enabled by allowing some tags to
be mobile, provided that enough tags remain stationary when the mobile infras-
tructure is moved. Furthermore, it should be possible to reuse tags as the process
proceeds. Alternatively, localized tags might be left behind as a persistent local-
ization infrastructure, allowing a single mobile sensor to be localized anywhere
in the space. These classes of system can provide generalized precise positioning
when it matters, without the cost of a permanently installed infrastructure.
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