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Abstract—In this paper, we propose a new method for the
localization of RFID tags, by deploying off-the-shelf RFID equipment on a robotic platform. The constructed robot is capable
to perform Simultaneous Localization (of its own position) and
Mapping (SLAM) of the environment and then locate the RFID
tags around its path. The proposed method is based on properly
treating the measured phase of the backscattered signal by each
tag at the reader’s antenna, located on top of the robot. More
specifically, the measured phase samples are reconstructed, such
that the 2π discontinuities are eliminated (phase-unwrapping).
This allows for the formation of an optimization problem, which
can be solved rapidly by standard methods. The proposed
method is experimentally compared against the SAR/imaging
methods, which represent the accuracy benchmark in prior-art,
deploying off-the-shelf equipment. It is shown that the proposed
method solves exactly the same problem as holographic-imaging
methods, overcoming the grid-density constraints of the latter.
Furthermore, the problem, being calculations-grid-independent,
is solved orders of magnitude faster, allowing for the applicability
of the method in real-time inventorying and localization. It is also
shown that the state-of-the-art SLAM method, which is used
for the estimation of the trace of the robot, also suffers from
errors, which directly affect the accuracy of the RFID localization
method. Deployment of reference RFID tags at known positions,
seems to significantly reduce such errors.
Index Terms—RFID, Localization, Robotics, SLAM, Optimization, Phase Unwrapping.

I. I NTRODUCTION
This work aims at automatic inventorying and accurate,
real-time localization, by deploying a moving robot (see Fig.
1). The robot carries RFID equipment (reader, antenna) and
a combination of sensors (lidar, depth cameras) to perform
Simultaneous Localization (of the robot) and Mapping (of the
area); also known as SLAM, [1]. SLAM produces a metric
representation of the environment, also known as Occupancy
Grid Map [2] and utilizes scan matching to keep track of the
robot’s pose [3].
Lidar and cameras are used for the localization of the robot,
while RFID technology is used for the localization of the objects in the surrounding (to the robot) environment. In contrast
to optical technologies (e.g. camera), which require visual
contact and advanced image-processing to identify objects,
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RFID technology exploits principles of RF. Passive RFID tags
are attached to each object of interest. Each tag backscatters
its unique ID, which is associated with the attached object. We
wish to identify and locate the position of the tag. Representative applications could include warehouse-management or
large retail stores. The proposed solution exploits mobility to
reduce the overall cost of an equivalent inventorying solution,
consisting of readers and antennas at fixed locations.
An additional advantage of mobility is the collection of
many measurements for each tag, as the robot passes around
its vicinity. Due to the absence of a battery source at the tag, a
strong Line-Of-Sight (LOS) path is necessary for the activation
of the tag’s integrated circuit (IC), while other contributions
from scatterers in the propagation area, are expected to be
weaker [4]. The analysis in [4] indicates that the ratio of the
power of the direct field to the mean of all other multipath
is in the order of 8dBs-12dBs in the area within the readerantenna’s main lobe and is reduced to 4dBs at the vicinity of
the surrounding walls. Depending on the above ratio, the phase
of the LOS field, which is the essential information needed for
accurate localization, is largely (for small ratios), or weakly
(for large ratios) affected. This effect is shown in [5]. As the
robot passes in the vicinity of the tag, it identifies the tag at
successive locations for a total trace in the order of 4m to
6m, collecting hundreds of measurements, depending on the
speed of the robot (1300 samples are collected when the robot
moves at 5cm/s). Due to the large collection of measurements,
local (or temporary) areas with strong multipath, are expected
to affect less the accuracy of the estimations. This wealth of
measurements collected by a single moving antenna is often
called as ”virtual antenna array” in related prior art.
Localization techniques exploit the measured phase and
back-scattered power of each tag at the reader-antenna pair
located on the robot. Depending on the treatment of this
information, we have direction-finding techniques, [6]- [8],
”fingerprinting” methods, [9], [10], ”holographic” and Synthetic Aperture (SAR) based methods, [11]- [15] , conditional probability based methods [21]- [25] and other techniques [26]. Some may involve custom RFID-readers, [10],
[26], usually Software Defined Radio transceivers, or outof-band emissions [26]. Among the techniques that promise
best accuracy with commodity RFID hardware (off the shelf
components) are those based on exploiting the phase of
the backscattered electromagnetic (EM) field and mainly the
holographic method, or its differential variations, [11]- [15].
The reason is that the ”holographic” method is a maximum
likelihood estimator; it attempts to locate the position (of the
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tag) that best matches a set of phase-measurements. However,
due to the non-convexity of the cost-function, application of
the method demands for exhaustive search of all possible tag
locations on a calculations’ grid. As a consequence, despite
of its high accuracy (for a dense grid), the estimation time is
prohibitive for installations, involving large tag populations,
or aiming at real-time results.
The key contribution of this paper is that we change the set
of phase observations in an equivalent to the ”holographic”
maximum-likelihood cost-function, in such manner that estimation is derived by standard optimization methods; i.e.
steepest descent, Newton’s, line search, trust region etc. To
achieve that, we perform ”phase unwrapping” on the measured
samples, ”correcting” the phases for each tag to take continuous values, instead of being constrained in 2π intervals. Then,
a solution of the optimization problem is rapidly found, while
the estimation accuracy is expected to be better, compared to
the holographic, since the proposed algorithm finds the best
pair of coordinates, regardless of the grid’s density.
The second contribution is that we treat the tags’ localization problem in conjuction with the SLAM problem. To
the best of our knowledge, this is the first time that the
actual problem is realistically treated; both the poses of the
robot (i.e. the reader-antennas) and the tags are unknown and
must be evaluated. Prior-art treats those problems separately;
RFID-tag localization algorithms consider the location of the
reader-antenna as known, while SLAM algorithms aim only
at localizing the robot (not the tags), apart from mapping
the environment, [16]- [20]. It is found that the estimated
robot’s path from state-of-the-art SLAM methods suffers from
significant errors, as will be demonstrated in Section IV. As a
consequence, the tags’ localization error increases accordingly.
In this work, we attempt to correct those errors, by introducing
reference tags at known locations.
We have constructed a prototype robot, demonstrated in Fig.
1. It is able to navigate autonomously in unknown environments, produce a map of them and track any object of interest
therein. Experimental measurements verify the performance
of the proposed method against the holographic approach.
For a 2D search space, experimental results presented herein
demonstrate a 55-times improvement in the estimation time
of the proposed method with respect to the holographic.
Assuming a 3D search space, the corresponding improvement
would increase dramatically, since the holographic searchspace would be multiplied to the size of the 3rd dimension,
whereas in the proposed method, the estimation-time would
not increase proportionally.
In Section II we present the problem. The proposed technique, named ”Phase-ReLock”, is presented in Section III.
Experimental results are given in Section IV and conclusions
at Section V.
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Fig. 1. SLAM and RFID enabled robot.

II. D ESCRIPTION OF THE PROBLEM

denote the phase measurement of the specific tag t at the ith
antenna pose. The measured phase at the reader is proportional
to the round-trip length of the reader-to-tag-to-reader link, plus
a constant phase shift, introduced by the deployed hardware,
[6].
A typical curve which represents the phase measured by a
moving antenna is demonstrated in Fig. 2. The x-axis of the
curve represents the x-coordinate of the robot’s path. One can
notice that the x-coordinate of the robot changes from 175cm
to 750cm, since the specific tag was within reading-range of
the antenna only during this part of the robot’s trace. However,
even in this part, there are substantial segments where the
reader was not able to identify the tag, although the latter was
in the reading-range of the antenna (e.g. from xi = 330cm
to xi = 395cm). Probably the signal did not exceed either
the reader’s or the tag’s sensitivity, due to strong reflections
at these regions of the environment.
One can also notice that the phase is wrapped in [0, 2π)
intervals, resulting in discontinuities every 2π. Within each
interval, the phase reduces (the curve has negative slope) as the
antenna-to-tag distance reduces, and then increases (positive
slope) as the antenna-to-tag distance increases. When the slope
of the curve changes sign (xi = 540cm), the antenna-to-tag
distance is minimized; the tag should be located at a line
perpendicular to the robots trace, which crosses the (xi , yi )
coordinates that correspond to the minimum of the phase
curve.
Since the phase is measured in 2π intervals, the expected
(theoretical) measurement at a readers antenna with coordinates (xi , yi ), for a tag placed at (xt , yt ) shall be


2π
2dit + ct mod 2π
φit (xt , yt , ct ) =
λ


4π p
=
(xt − xi )2 + (yt − yi )2 + ct mod 2π, i ∈ [1, n]
λ
(1)

The robot moves along a straight path, e.g. inside a corridor, collecting measurements at l estimated locations with
coordinates (xi , yi ), i = 1, , l. Consider that a tag t located
at (xt , yt ) is identified at n ≤ l antenna-locations. Let θit

assuming the problem is two-dimensional; in our set of experiments the reader’s antenna was at the same height as the
tags, which explains the absence of z coordinate in (1). ct
represents the constant phase shift introduced by the hardware
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where
6

ak = [1, e−j(φ2k −φ1k ) ..., e−j(φnk −φ1k ) ]T , k = 1, ..., m (4)
5

and
bt = [1, e−j(θ2t −θ1t ) ..., e−j(θnt −θ1t ) ]T .

(5)

Phase (rads)

4

However, the essence of the problem and the solution
remains the same, demanding for a calculations-grid. For
a dense grid, holographic methods are expected to ensure
high accuracy, but can be time-consuming. The number of
calculations involved is proportional to the size and density of
the search space and for problems involving large unknown
areas (as the ones our work targets) the estimation-time can
be greatly increased.
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Fig. 2. Measured phase samples for a given tag.

to each measured sample of the tag t. We are searching for
the possible tag coordinates for which the theoretical values
φit calculated by (1) fit best to the measured samples θit ;
therefore, we need a cost function representing the deviation
of the above two sets.
A. Holographic Imaging
The holographic method presented in [11] creates a cost
function and performs an exhaustive search on all possible
tag locations in the space of interest to find the one that
best matches the observations/measurements. Let a grid of
m possible locations of the unknown tag. For any possible
location (xk , yk ) of the grid the following cost function/term
is calculated:
Pk =

n
X

ej(θit −φik ) , k = 1, , m

(2)

i=1

In (2), θit corresponds to the measured phase-sample of
”target” tag t from the robot’s coordinates (xi , yi ) and φik
is the theoretical/expected phase value that would have been
measured from the same robot’s coordinates (xi , yi ), if the tag
was located at position (xk , yk ). At a location near the actual
tag position, these vectors are expected to add constructively,
whereas at distant locations they will add randomly resulting in
a much lower sum. According to this method, the coordinates
of the tag are estimated by maximizing (2).
The cost function in (2) is slightly different in [12] - [15]
to account for measurements collected by different antennas/ports; i.e. a phase subtraction from an initial sample per
antenna-port is introduced in all measurements. An equivalent
to (2) function is presented in [13]. According to it, the tag’s
estimated location is the grid’s point for which the following
term is maximized:
Ck =

2
aH
k bt
,
2
2
kaH
k k kbt k

k = 1, ..., m

(3)

B. Proposed Method
Our goal is to fit the expected phase values calculated
by (1) to the measured samples, by creating an appropriate
cost/objective function, which can be optimized by standard
optimization algorithms that promise rapid execution. Treating
the above as an optimization problem, we are searching for
the best selection of parameters (x0t , yt0 , c0t ) that minimize the
following function:
Pn
2
F (xtp
, yt , ct ) = i=1 [φit (xt , yt , ct ) − θit ] =
Pn
4π
(xt − xi )2 + (yt − yi )2 + ct ) mod 2π − θit )
i=1 [(( λ
mod2π]2
(6)
The pair (x0t , yt0 ) corresponding to the global minimum of (6)
is the solution of the proposed algorithm.
The objective function (6) is nonlinear and should be
minimized by applying a nonlinear optimization algorithm
(e.g [27]- [31]). Such algorithms are usually iterative. They
start from an initial selection of the parameters and adjust
them by exploiting certain information (e.g. the values of first
or second derivatives), so that the objective function value
decreases. The procedure shall be repeated until some specified
convergence criteria are met. State-of-the-art nonlinear optimization algorithms are based on Steepest Descent direction,
Newtons direction, Trust Region, etc [32]. In general, such
iterative algorithms converge to a local minimum of the
objective function. However, optimization, by its definition,
means finding the best solution overall and therefore ideally,
algorithms should converge to the global minimum. This can
be assured when convex objective functions are involved; i.e.
functions with one and only global minimum
In our case, due to the repetitive form of both the curve
of the expected phase values and the curve of the measured
phase-samples, the objective function (6) tends to have a
repetitive-shaped surface, too, as shown in Fig. 3. As a
consequence, it has many local minima (and maxima). The
fitting algorithm will usually be trapped in a local minimum
dependent on the initial point, instead of converging to the
global minimum and finding the optimum solution.
III. P HASE R E L OCK
We propose a post-processing of the phase measured samples so that the global minimum of the new objective function
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Fig. 4. Objective function F 0 (xt , yt , ct,0 ) for a constant ct,0 after phase
unwrapping.

Fig. 3. Objective function F (xt , yt , ct,0 ) for a constant ct,0 .

can be rapidly found by common optimization techniques. The
proposed method is called Phase ReLock (Loc(k)alization by
Phase Reconstruction). The processing of the samples refers
to the reconstruction of the phase curve in order to obtain a
continuous form, eliminating the discontinuities every 2π; this
process is commonly known as phase-unwrapping.
A. Creation of the Cost Function
Since our target is a continuous curve with no 2π jumps,
the theoretical function (1) would have to change to:


2π
2dit + ct =
φ0it (xt , yt , ct ) =
λ


4π p
(xt − xi )2 + (yt − yi )2 + ct , i = 1, .., n (7)
λ
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and the new cost function would be written as:
0

F (xt , yt , ct ) =

n
X

2

0
[φ0it (xt , yt , ct ) − θit
] =

i=1


2
n 
X
4π p
0
2
2
(xt − xi ) + (yt − yi ) + ct − θit
λ
i=1

(8)

0
where θit
is the processed/unwrapped phase sample corresponding to the ”target” tag t measured at antenna’s coordinates (xi , yi ). One can notice that (7) and (8) are same as
(1) and (6) respectively; the only difference being that the
modulo operation has been removed. Furthermore, ct here
represents the number of whole cycles of phase offset between
the unwrapped phase curve and the theoretical one, plus the
constant phase shift introduced by the deployed hardware.
The new objective function (8) no longer suffers from local
minima as can be seen in Fig. 4. Therefore, an optimization
algorithm can be applied to fit the expected values to the
processed phase samples and find the optimum parameters
(x0t , yt0 , c0t ) that correspond to the global minimum of (8). The
unknown location of the tag t is estimated as:

(x0t , yt0 , c0t ) = arg min F 0 (xt , yt , ct )
xt ,yt ,ct

(9)

Fig. 5. (a) Segmentation of the set - (b) Unwrapping of each segment
independently - (c) Final step of the unwrap process.

B. Phase Unwrapping
1) Segmentation of the set: As explained in section II,
whilst a tag is in reading-range of the reader, the reader could
fail identifying it during some parts of its trace. As a result,
the phase curve could contain segments with no samples at all.
These segments indicate successive phase samples measured
at relatively distant antenna’s locations.
So initially, we divide the phase-curve into segments, so
that each of them contains a set of samples taken at successive
closely-spaced antenna’s locations, as shown in Fig. 5 (a). We
consider Θj the set of the phase samples corresponding to the
j th out of m created segments.
2) Unwrapping of each segment: For each segment we
detect the discontinuities of the phase and distinguish every
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Fig. 6. Unwrapping of the 5th segment.

2π interval in it. Let Θij be the set of the phase samples
corresponding to the ith out of n 2π intervals of the j th
segment. Each Θij represents a 2π part of the phase-curve
of the specific segment, as shown in Fig. 6-top (where the 5th
out of 7 segments is illustrated) and should be shifted along
the phase-axis according to:
Θ0ij = Θij + 2πkij , i = 1, ..., n.

(10)

kij ∈ Z and it’s calculated so that a continuous curve is produced and any discontinuity between successive measurements
is eliminated. Since in each segment the measurements are
dense and successive phase samples correspond to closelyspaced robot’s locations, one can expect that every 2π part
should be placed at the end of the previous one, as shown
in Fig. 6 - bottom. After the above procedure is repeated for
every segment/set Θj independently, the phase-curve is shown
in Fig. 5 (b).
3) Unwrapping of whole set: The final part of phaseunwrapping aims to add the appropriate 2π · kj to each of the
m discontinuous segments, such that the entire phase-set is
unwrapped. Let Θ0j be the set of the processed phase samples
corresponding to the j th out of m segments, consistently with
the notation Θj of subsection III-B1. Each Θ0j should be
shifted as before, according to
0
Θ00
j = Θj + 2πkj , j = 1, ..., m.

(11)

The difficulty here arises from the fact that the successive segments Θ0j are not contiguous but are far apart. So,
in contrast to the previous case when we had dense and
closely-spaced sets of samples (i.e. Θij ), now the intervened
periods of missing data result in an ambiguity regarding the
true value of kj . Theoretically, one should include each kj ,
j ∈ [1, m] as optimization parameter and select the solution
{xt , yt , ct , k1 , . . . , km } that minimizes (8). This would greatly
increase the computational time of the problem. Instead, in
order to select the proper kj · 2π per segment, we apply an
iterative process, minimizing (8) and adding a single segment
(to the previous iteration) each time, as described next.

The iterative process begins with the segment of the curve,
where the slope’s sign changes (the 5th one in the example of
Fig. 5 (c)), because the phase-minimum also corresponds to the
minimum robot-to-tag distance; hence one expects the power
to be maximized at this part, having a strong LOS link. In order
to detect such change, we further split each Θ0j into smaller
parts (windows) and calculate their slopes (i.e. derivatives). A
positive derivative indicates a window with increasing phase,
whilst a negative derivative corresponds to decreasing phase
and an alternation from negative to positive slope indicates
a minimum robot-to-tag distance. Calculating derivatives of
large parts instead of successive measurements reduces the
phase-noise effect, since abrupt changes of slope may occur
between adjacent samples, due to phase-noise. The segment
in which an alternation from negative to positive slope occurs
is the initial segment.
By applying (9) only for the initial segment, we get the
first estimation of parameters x0t , yt0 , c0t . Then we introduce
another ”target” segment Θ0j (e.g. Θ06 ). Given now the initial
estimation of the parameters (x0t , yt0 , c0t ), we compute the
theoretical unwrapped phase that should have been measured
at the antenna’s locations of the ”target” segment, according
to (7) for the previously estimated parameters. Let Φj denote
the set of these theoretical values. Then, an initial estimation
of kj ∈ N of (11) is derived by:
kjinit = b(Θ0j − Φj )/2πe,

j = 1, . . . , m

(12)

where a denotes the mean value of array a and bbe the nearest
integer to b.
Equation (12) gives the best value of kj , under the assumption that the tag is at the estimated coordinates (x0t , yt0 ),
resulted from the initial segment. This is not necessarily the
best overall solution but an indication that the best solution is
around kjinit . Therefore, for each kj ∈ [kjinit − 1, kjinit + 1]
we shift Θ0j according to (11), and re-apply (9) taking into
consideration both introduced segments (i.e. the initial and the
”target” one). For each of the above three candidate values kj ,
an estimation of (xt , yt , ct ) is derived by (9). The final value
of kj is the one for which the amplitude of (8) is lowest. This
is the ”best” kj and is used for the unwrapping process in
(11).
At the end of this iteration, we have properly shifted a
”target” segment Θ00
j and have an updated estimation of the
parameters, x1t , yt1 , c1t by having taken into account two
segments. The solution from the previous iteration x0t , yt0 , c0t
represents the initial conditions (starting point for the optimization algorithm) of the updated estimations. The algorithm
converges rapidly, as it always starts from the ”best” previous
solution. The robot’s path during the missing periods is not
involved anywhere in this process, since we need only the
phase and the antenna’s coordinates of the target segment. This
process is repeated until all segments Θ0j are properly shifted
by the above procedure and an estimation of the unknown
parameters is derived by (9) for the whole set of unwrapped
data. This final estimation is the proposed solution of the
localization problem.
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Fig. 7. Unwrapped phase-curve (purple) vs. Phase ReLock theoretical phasecurve for optimum parameters (black).

Fig. 9. Unwrapped phase-curve (purple) vs. Phase ReLock theoretical phasecurve for optimum parameters (black) for non straight robot’s trace.

IV. E XPERIMENTAL R ESULTS
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Fig. 8. Unwrapping of the phase curve for non straight robot’s trace.

The final reconstructed/unwrapped phase curve is demonstrated in Fig. 5(c) and compared with the expected phase
from the best xt , yt , ct solution in Fig. 7.
C. Non Straight Paths
The robot is not expected to move on a straight-line, since
it is configured to avoid obstacles, like people. An example of
the phase-curve that corresponds to a slalom-type trajectory
of the robot, including discontinuities within the segments,
is demonstrated in Fig. 8-top. Phase ReLock can be applied
for non straight robot’s paths in the same manner, and the
unwrapped phase is shown in Fig. 8-bottom. One can notice
that the curve changes slope more than once, in contrast to
cases of straight paths. This property necessitates a small
change in the selection of the initial segment in the iterative
process of phase-unwrapping of discontinuous segments. The
algorithm starts from the segment, where the slope changes
sign, from negative to positive. If two or more segments satisfy
this condition, the algorithm selects the segment, where the
mean power per sample is higher, signifying a smaller readerto-tag distance. The result of Phase ReLock is presented in
Fig. 9.

Measurements were performed, by constructing the robot,
shown in Fig 1. We used a Turtlebot2 [33] with a Kobuki
mobile base [34] for motion support, appropriately equipped
to perform both RFID localization and SLAM. It carries a
7dBic MT242032/NRH circularly polarized antenna from MTI
Wireless Edge [35], connected to the Speedway Revolution
R420 RFID reader [36], while the sensors responsible for
the SLAM operations are an RPLidar A1 [37] and an Xtion
Live Pro depth camera [38]. An Intel i7 CPU is attached to a
MiniITX motherboard and an SSD drive for data storage.
The experiments took place in a long corridor-type laboratory room inside the campus (see Fig. 10) and were carried out
in two phases. The first phase corresponds to the operation of
SLAM; the robot traverses the ”a priori” unknown space and
creates a map of the environment (see Fig. 12) by exploiting
sensor data and utilizing state-of-the-art SLAM algorithms,
(e.g. [16] - [17]). In the second phase, the robot moves along
any trajectory and evaluates its position in the previously
produced map. Concurrently, it continuously interrogates the
RFID tags. The latter are placed at a millimeter-paper, forming
a grid on the laboratory bench next to the wall. The locations
of the tags on the millimeter paper are known exactly and
are used for performance evaluation of the proposed localization method. The second phase was repeated 12 times for
different robot’s speeds and paths (see Fig. 11), while in some
experiments, dielectric boxes were placed to block the LOS
path between the antenna and those tags (see Fig. 10). The
robot traversed different paths in order to accumulate different
multipath in each measurement; the idea here was to have
different distances from the opposite to the reader-antenna
wall, so that no fixed maxima and minima of the field would
be created. Five of the twelve paths are shown in Fig. 11, as
the remaining trajectories were the same, but different speeds
and/or obstacles were deployed. The trajectories shown in Fig.
11 represent the estimations of the SLAM algorithm; notice
the discontinuities along each trajectory.
As soon as the experimental implementation was finished,
we compared the holographic methods [11], [13] against the
proposed ”Phase ReLock”. The holographic methods were
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Fig. 12. Map of the environment, created by the Mapping algorithm deployed
in the robot, using the laser sensor located on top of it. The location of the
robot, shown on the map is the estimated one at the specific time by the
implemented particle-filter localization algorithm within SLAM.

Fig. 10. Representation of the measurements set-up corresponding to a
straight path with ”obstacles”, where dielectric-boxes block some of the RFID
tags. The target tags are arranged on top of a bench on a millimeter paper, so
that their exact location can be compared against the results of Phase ReLock.
250

Wall

200

150

Rays Scan Matching (CRSM) SLAM [16]. CRSM is a scanmatching SLAM which does not utilize odometry in order
to keep track of the robot’s correct pose, i.e. the only sensor
employed is a Lidar. CRSM acquires a lidar scan and performs
a scan-to-map matching, i.e. it computes the 2D geometrical
transformation that best aligns the current scan with the
obstacles in the already existent map, whose reverse transformation is essentially the robot’s translation and rotation.
The difference of CRSM SLAM in comparison to other scan
matching algorithms is that it automatically identifies which
rays are the most important for the procedure (i.e. which are
critical) and utilizes only them in the matching procedure,
so as to be faster. The result is a metric map (see Fig. 12),
also known as an OGM (Occupancy Grid Map), comprised
of individual cells, each of which represents a portion of the
space and holds the probability of this portion being occupied.

Tags
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Fig. 11. Trajectories of the robot, estimated by the SLAM algorithm.

executed for a limited space around the bench; a grid of 10m
length and 2.5m width with 1cm grid-spacing. As for Phase
ReLock, the optimization algorithm applied herein is a trustregion algorithm presented in [28] and [29].
B. Simultaneous Localization and Mapping - SLAM
During the first phase, where the environmental perception
is being created, the SLAM algorithm used was Critical

In the second phase, the already generated OGM is being
used in order for the robot to localize itself. The robot
localization algorithm used is AMCL (Adaptive Monte Carlo
Localization) [17]. AMCL uses a particle filter to represent
the robot pose’s multimodal probabilistic distribution, where
each particle contains an assumption of the robot’s 2D pose.
AMCL comprises two steps, the first of which is the motion
update and the second is the sensor update. During the motion
update, the particles’ poses are updated based on the robot’s
odometry. Thus the particle filter increases its uncertainty due
to the odometry errors, whilst in the sensor update phase,
the particles are tested against the real lidar measurements.
The particles which best fit the current measurement are
probabilistically kept for the next iteration.
The trajectories of Fig. 11 are the output of the particle filter
algorithm applied in the second phase. Parts of the trajectories suffer from discontinuities and ”trembling”, although the
robot kept moving in a stable and continuous manner. These
discontinuities occur due to the nature of the particle filter
algorithm applied for SLAM. This cause of error is irrelevant
to the tag’s localization method, but affects its accuracy.
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TABLE I
E XPERIMENTAL R ESULTS
Robot
path

velocity
(cm/s)

distance from
bench (cm)

1
2
2
3
4
2
2
3
5
2
2
3

5
5
5
5
5
10
10
10
10
20
20
20

30
70
70
110
slalom
70
70
110
slalom
70
70
110
mean values

Holographic/SAR methods [11], [13]
obstacles
blocking
LOS
No
No
Yes
No
No
No
Yes
No
No
No
Yes
No

initial mean
error (cm)

final mean
error (cm)

estim-time
(min)

initial mean
error (cm)

final mean
error (cm)

estim-time
(min)

34.27
32.95
34.32
32.65
31.11
30.78
29.76
34.4
30
31.24
33.51
31.17

21.62
20.73
19.56
13.33
15.1
18.61
13.88
13.97
16.13
20.76
15.39
12.18

22.23
26.22
37.92
34.7
41.8
18.98
16.43
21.95
24.33
13.93
11.15
14.58

29.33
30.8
30.81
33.6
33.68
29.83
29.08
34
32.4
30.47
30.16
29.66

12.8
24.5
13.64
13.72
18.9
18
13.18
12.9
17.6
26.36
13.28
15.13

0.4
0.51
0.37
0.48
0.55
0.44
0.29
0.43
0.59
0.37
0.31
0.37

32.2

16.7

23.68

31.2

16.9

0.42

Localization error (cm)

150

100
mean: 31.2cm

mean: 32.2cm

25th pctl: 24.8cm

25th pctl: 24.8cm

50th pctl: 29.8cm

50th pctl: 30cm

75th pctl: 35.4cm

75th pctl: 36cm

90th pctl: 41cm

90th pctl: 43cm

std: 14.5cm

std: 14.7cm

50
40
30
20
10
0
Phase ReLock

Phase ReLock

Holographic

Fig. 13. Comparison between Phase ReLock and Holographic/SAR methods,
including percentile errors.

C. Results
The locations of an average of 80 tags were estimated during
each of the 12 experiments. The estimations were compared
against the tags’ actual coordinates on the millimeter paper.
The estimations will accommodate all sources of errors: i)
related to estimating the robots trace from the optical sensors
and ii) related to the proposed method from the RFID-phase
measurements.
The whole set of errors for the deployed methods corresponding to all estimations made, are shown in Fig. 13 in terms
of percentiles. Since the cost functions in [11] and [13] are
equivalent, they have the same accuracy and are represented
by the same boxplot in Fig. 13. Similar accuracy between them
and Phase ReLock is achieved.
Analytical results of each experiment are summarized in
Table I. The mean error is comparable between Phase ReLock
and the ”holographic” methods, reporting a mean localization
error slightly greater than 30cm. It should be noted that in
some of the experiments Phase Relock performed slightly

worse than the holographic methods; e.g. in the slalom trajectories 4 and 5. This is expected in experimental data,
since the number of samples is finite and the mean error
will not necessarily approximate the expected value, according
to the law of large numbers. By calculating the total meanerror by all experiments, i.e. increasing the sample space, the
overall accuracy of Phase ReLock is slightly better than the
holographic methods, i.e. 1cm improvement; in the order of
the calculation grid’s spacing imposed by the latter.
It’s also worth noting that in all three cases, where many of
the tags were blocked, resulting in NLOS measured-samples,
the accuracy of Phase-ReLock remained unaffected. Similar
performance is recorded for the ”slalom” paths of the robot.
More importantly, Phase ReLock has achieved a tremendous
improvement of the algorithm’s estimation-time. Whilst priorart, [11], [13], required more than 20 minutes to locate an
average of 80 tags, Phase ReLock performed 55 times faster
and located all tags in less than 30s, requiring only 250ms
per tag. This reduction-ratio would be further increased as the
search space is increased, since the speed of the holographic
depends on the size of the grid, whereas Phase ReLock
doesn’t. Actual cases demand larger grids since they are threedimensional problems.
1) Performance vs Robot’s Speed: Table I indicates that the
deployed speeds of 5cm/s, 10cm/s and 20cm/s have similar
performance; i.e. a mean error of 31cm. We validate the
performance for increasing robot’s speed by down-sampling
the available data. For example, by taking 1 of every 5 samples
of the data collected when the robot moves along path 2 at a
speed of 5cm/s, the experiment becomes equivalent to moving
at 5-times the original speed; i.e. 25cm/s for the same path. By
repeating this process in 5cm/s speed increments, we evaluate
the accuracy of Phase ReLock, as shown in Fig. 14. The
accuracy is not affected for a speed up to 40cm/s, reporting
a mean error around 30cm. Then, the error increases rapidly
to 90cm, indicating failure of the method. The reason is that
the number of samples per tag, collected within a 2π phaseinterval are so few that phase-unwrapping fails. It should be
noted that the maximum speed also depends on the number of

2469-7281 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JRFID.2019.2936969, IEEE Journal
of Radio Frequency Identification
IEEE JOURNAL OF RADIO FREQUENCY IDENTIFICATION

9

300

100

90

Estimated Reader Path
Actual Reader Path
Actual Tag Location
Estimated Tag Location
Localization Error

250

80
200

y coord (cm)

Localization error (cm)

70

60

150

100

50

40

50

30

0

20
-50

0

100

200

300

400

10

0
25

30

35

40

45

Velocity (cm/s)

500
600
x coord (cm)

700

800

1000

1100

Fig. 15. Initial localization results, without correction of error, caused by
SLAM.

Fig. 14. Performance of Phase ReLock vs robot’s speed, assuming higher
speeds.
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tag-population within range. The larger the number of tags, the
smaller the speed (since the slotted ALOHA access protocol
of the tags will require for longer slot-periods to reduce the
probability of collision). In our case, approximately 25 tags
were within range during each interrogation phase.

900

150

100

50

0

D. SLAM error and correction
As aforementioned, the robot’s trace is not known but
estimated during SLAM. It is impossible for any SLAM
algorithm to compute the robot’s pose correctly at all times.
Thus, the antenna’s coordinates (xi , yi ) involved in (7) and
(8) introduce an additional error to any applied localization
method, due to the false positioning of the robot. The actual
deviation of the two paths for one of the experiments is shown
in Fig. 15, where the estimated path (blue) never coincides
with the actual one (green). Notice however that the two
paths are parallel; causing a similar ”common” error to the
estimated locations of the tags. Estimated tags lay mainly
on the southwest of the actual locations. Assuming that this
kind of displacement/shifting of the robot’s path affects the
estimations of all tags in the same way by adding a common
error, we attempt to improve the estimations by exploiting
some tags with known coordinates.
By using only 8 tags as reference, and subtracting their x,
y coordinates estimation error from all other tags, we correct
the estimations for the entire set. The improvement is evident,
as illustrated in Fig. 16 and presented in Table I. However,
the selection and the location of the reference tags is of
vital importance to this improvement, since a bad selection
of reference tags, i.e. not representative of the common error,
could have a negative impact on the correction (for this
experiment, we have simply selected 8 tags along the center
of the bench). Thanks to the low-cost of passive RFID-tags,
one can deploy an arbitrarily large number of reference tags,
to reduce the statistical risk of a poor sample. In general,
correction of the error by reference tags is investigated here
as a possibility. Concurrently, we aim the improvement of
the SLAM algorithm (particle filtering algorithm), in order
to minimize the errors regarding the robot’s estimated trace.
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Fig. 16. Improved localization results, applying common error reduction, by
deploying tags at known locations.

The detailed results of the deployed methods for each experiment, before and after the correction, and the estimation-times
are given in Table I. As far as accuracy is concerned, Phase
Relock and the holographic methods are equivalent. They have
both accomplished to locate the tags with an initial mean error
of 31cm and 32cm respectively, while the correction of the
estimations based on reference tags has reduced the error about
by half, to 17cm each.
E. Source of error
We identify the following causes of error: i) erroneous
estimation of the locations of the robot, ii) deformations of
the actual map of the area, iii) multipath and iv) hardware
introduced errors.The first error can be jointly corrected by
improving the particle filter algorithm of SLAM, probably
forcing the poses-update vector in the filter to block large
steps and by deploying RFID tags at known locations, as
applied herein. However, further work needs to be done,
since this error could be local and variable across different
regions; the corrections should be applied in smaller areas,
while preserving continuity of the robot’s trace in the resultant
trajectory. The second error arises from transformations of the
estimated map (which affects again the locations of the robot);
imagine an estimated ”bent” map of the environment, which
needs to be unbent in order to match the phase-measurements
corresponding to the actual dimensions of the environment.
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Again, application of corrections by reference tags could
be deployed. The third error, multipath, cannot be traced
by the phase-measured samples alone. However, the reader
also collects power measurements of the backscattered signal
per tag. Possibly, from the power profile, areas that suffer
from greater multipath can be identified and the measured
phase samples can be excluded from the estimations. Further
improvements are expected by deploying multiple antennas on
top of the robot, forming new propagation conditions with the
tags, allowing for selection of the best samples. Finally, the
phase-measurements hardware error is of Gaussian nature and
small [15] (0 mean, std 0.1 rad); hence the proposed method,
treating a long series of samples will correct this error, thanks
to its zero-mean property.
V. C ONCLUSION
In this work, we have presented a novel localization method
which solves the ”holographic” problem exactly. The main
contribution of this work, is the modification of the initial
problem/optimization function, eliminating local minima, so
that it can be solved by standard optimization techniques
rapidly. The key to succeed is the introduction of a phaseunwrapping process. Experimental results validate the accuracy of the method. In contrast to related prior-art, the
method is independent of any grid density and orders of
magnitude faster; thus, it can be ideal for a trustworthy realtime inventorying and localization.
State-of-the-art localization algorithms, based on the holographic method, report accuracy below 5cm, e.g. [12], [14],
but include multipath-reduction techniques involving multiple
frequencies and multiple antennas, while they consider the
robot-antenna positions as known. Such multipath-mitigation
techniques can also be deployed with Phase ReLock, leading
to at least the same accuracy, since we solve exactly the same
problem, deployed therein. Hence, an estimation accuracy
below 10cm is expected by accommodating multiple antennas
and multiple frequencies.
In contrast to prior-art, we have considered the actual
problem, where the robot must also locate itself in the map. As
a result, the robot’s self-localization error is ”accumulated” to
the localization error of the tags (since the reference positions
of the reader are not exact). In fact, the error introduced by
SLAM is comparable and sometimes larger than the RFIDrelated error. This can be reduced by exploiting tags at known
locations, as shown herein.
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