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Robust Simultaneous Localization and Mapping
Using the Relative Pose Estimation of

Trilateration UHF RFID Tags
Emidio Di Giampaolo , Francesco Martinelli , and Fabrizio Romanelli

Abstract—We consider a mobile robot equipped with wheel
encoders and a RFID reader, which measures the phase of the sig-
nal backscattered by a set of passive UHF-RFID tags, deployed in
unknown position on the ceiling of the environment. We deal with
a Simultaneous Localization And Mapping (SLAM) problem,
where the position of the tags must be estimated to create a ref-
erence map, within which the robot will be localized. One of the
contributions of the paper is the use of a special kind of tag, the
TriLateration Tag (TLT), including three antennas close one each
other. The solution is based on the range and bearing estimation
of all TLT detected, performed through a set of Multi-Hypothesis
Extended Kalman Filters (MHEKF), one for each TLT. Then, the
range and the bearing information of the responding TLTs is used
in an EKF-SLAM algorithm which solves the SLAM problem.
The proposed approach is more robust and computationally effi-
cient with respect to other approaches available in the literature
and is particularly suited for large warehouses where RFID tags
cannot be deployed too densely.

Index Terms—RFID localization, robust Kalman filtering,
UHF-RFID, SLAM, resilient sensor fusion.

I. INTRODUCTION

RFID technology for robot localization is becoming
widespread in several contexts: in fact, off-the-shelf pas-

sive RFID systems allow to develop low cost, low invasive,
maintenance free localization structures, which may work in
harsh environments not suitable to other kinds of sensors.
Moreover, the knowledge of the ID of the responding RFID
tags allows to bypass the data association problem, afflicting
other kinds of sensors.

Several methods have been presented in the literature in
this context: a comprehensive survey on this subject has been
recently presented in [1], where it is observed that the most
investigated and relevant approach in this framework is the one
where phase measurements (i.e., the phase shift in the signal
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backscattered by RFID tags) are combined with propriocep-
tive sensors. This is actually also the context considered in
this paper, where a reader, installed on board a mobile robot,
measures the phase shift in the signal coming from a set of
passive UHF-RFID tags deployed in unknown position on the
ceiling of the environment.

One of the main problems with phase measurements is their
cyclicality, since a given phase shift corresponds to several
possible tag-reader distances. A vast literature has faced this
problem (see, e.g., [2], [3], [4], [5], [6]). One possibility in
the robot localization framework is to adopt multi-hypotheses
filters where wrong hypotheses (e.g., on the robot pose, like
in [7]) are pruned according to the phase measurements which
become available during the reader (or the tag) motion.

Many approaches (e.g., [7], [8], [9], [10]) rely on the
assumption that the position of the tags is known, while in
practice, also due to technological reasons (like the uncertainty
in the antenna phase center [11]), this can not be guaran-
teed, even because a precise knowledge of the position of the
tags is needed in view of the high sensitivity of the phase
measurements.

It is relevant, for this reason, to develop approaches where
also the tag positions, together possibly with other unknown
parameters (like the offset in the phase measurements), are
included in the estimation algorithm, as done, e.g., in [12]
and [13], where, however, an approximate guess on these
quantities is assumed available at the beginning. If, on the
contrary, the position of the tags (and the phase offset) is com-
pletely unknown, a Simultaneous Localization and Mapping
(SLAM) problem arises.

To the best of the authors knowledge, solutions to the
SLAM problem based exclusively on RFID phases as exter-
nal measurements are quite missing in the literature, where
other kinds of measurements (like, e.g., RSSI [14] or time of
flight [15]) are usually assumed available. In some cases (see,
e.g., among the others, [16]), the SLAM is solved resorting to
other technologies and, only once the robot is localized, phase
measurements are used to map tagged objects in the created
map. In our case, on the contrary, SLAM is the main problem
addressed and we want to solve it only using RFID phases as
external measurements.

Now, since phases represent an ambiguous measurement of
the tag-reader distance, the problem is actually a variant (with
increased difficulty, due to the ambiguity) of a Range-Only
SLAM (RO-SLAM) problem, where the information on the
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bearing of the responding tag is missing from the available
measurements. For this reason, one possible way to solve the
problem, described in [17], extends the RO-SLAM technique
proposed in [18] to consider the phase periodicity. It provides
a satisfactory solution, where also the offset of the tags is
handled as part of the estimation of the ceiling height (where
tags are placed), which is assumed only roughly known at the
beginning.

Two major limits afflict, however, the algorithm proposed
in [17]: the computational complexity, large at the beginning
due to the large number of candidate EKF instances associated
with each new observed tag and the non negligible possibil-
ity of failures. In order to comply with this second issue, a
restarting paradigm for the filter was proposed in [19] to reini-
tialize the robot pose estimation in case of filter divergence.
However, this method works only if the divergence of the filter
is caused by a wrong estimate of the robot position and does
not reduce the computational complexity of the original algo-
rithm. The approach in [19] could be improved by designing
a diagnostic module able to understand which is the cause of
the filter divergence (if a failure in the robot or in the tags
estimates). This task, however, is not simple, especially under
low densities of RFID tags (which is the case considered in
our setting).

Due to these reasons, a different solution approach was
proposed in [20]. It exploits the Multi Hypothesis Extended
Kalman Filter (MHEKF) developed in [21] which, based on
the wheel encoder readings and on the phase measurements
coming from a given tag, is able to provide an estimate of
the range and of the bearing of that tag with respect to the
robot. Once the range and the bearing of the tags is available,
given that the ID of the tags is known, an EKF-SLAM based
algorithm can be successfully adopted to solve the problem.

The proposed approach presents a time complexity quite
lower with respect to the approach proposed in [17]. In fact,
even if there is a MHEKF running for each tag, every MHEKF
contains a limited number of EKF instances (typically between
10 or 20, depending on the maximum detection range) and
each instance is a three dimensional EKF (it estimates the
range, the bearing and the phase offset of the tag).

Another interesting feature of the proposed approach is the
robustness against disturbances, since, in this case, unlike
in [17], hypotheses are not pruned and the algorithm may
be able to restore a good behavior after possible unmodeled
perturbations.

This paper extends [20] by replacing standard RFID tags
with structures (denoted in the following as TriLateration
Tags (TLT)) comprising three tag antennas close one each
other. This kind of RFID tags, already investigated in [22]
in a pure localization context (i.e., where the position of the
tags and the offsets are assumed known at the beginning),
allows to obtain, under negligible additional costs and instal-
lation work, a solution which improves the performance with
respect to the case standard tags are considered, without a
significant increase in the computational complexity of the
algorithm. As shown in the paper, the steady state localization
error is significantly lower than the one obtained with uniform
mesh of standard tags, deployed with the same density and in

Fig. 1. Schema of the TriLateration Tag (TLT) with the three antennas
located in points Pi, i = 1, 2, 3, at a mutual distance of the order of 10 cm.

principle, if also the orientation of the TLT is considered in
the SLAM algorithm, it would be possible to solve a SLAM
problem even if only one of these TLT is available. For all
these reasons, the proposed approach is particular appealing in
large environments, such as warehouses, where tags should be
deployed with very low densities. A numerical and an exper-
imental analysis of the behavior of the proposed algorithm in
noisy environments, characterized by a non negligible level
of multipath, is reported in this paper as an additional con-
tribution with respect to [20]. According to this analysis, it
is possible to conclude that the proposed solution presents a
certain degree of robustness also with respect to this kind of
phenomena.

II. NOTATION AND PROBLEM FORMULATION

We consider an indoor environment with L RFID
TriLateration Tags located on the ceiling. Each TLT is a struc-
ture of the type reported in Fig. 1. The ceiling height will be
denoted by h and will be assumed known. The robot is a
unicycle-like vehicle with a differential drive kinematics. If
(xr,t, yr,t, θt) denotes the robot pose at time t, with (xr,t, yr,t)

the robot position and θt its orientation, the robot discrete time
dynamics is:

⎡
⎣

xr,k+1
yr,k+1
θk+1

⎤
⎦ =

⎡
⎣

xr,k + uk cos(θk)

yr,k + uk sin(θk)

θk + ωk

⎤
⎦, (1)

where uk = uR,k+uL,k
2 and ωk = uR,k−uL,k

d , being uR,k and uL,k

the distance covered in the time interval (kδt, (k + 1)δt) (i.e.,
at time step k, with discretization step δt) by the right and the
left wheel, respectively and d the distance between the two
wheels. The distance uR,k covered at time step k by the right
wheel is related to a noisy encoder reading ue

R,k by the relation
ue

R,k = uR,k + nR,k, where the noise term nR,k is assumed
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a 0-mean Gaussian random variable with variance given by
KR|ue

R,k|, being KR a positive constant. A similar argument
can be applied to the left wheel. Accordingly, we define also

ue
k = ue

R,k+ue
L,k

2 and ωe
k = ue

R,k−ue
L,k

d .
A reader installed onboard the robot collects the phases of

the RFID signals backscattered by L TLTs located in unknown
positions (xT1 , yT1), . . . , (xTL , yTL). The phase measurement at
time k collected by the reader onboard the robot for each tag
in the TLTs can be defined as:

φk = mod
(−2KDk + φo + φm,k + nφ,k, 2π

)
, (2)

where K = 2π/λ (with λ the wavelength of the electromag-
netic signal, λ = 34.6cm in our tests), Dk is the (unknown)
tag-reader distance, φo is an unknown offset depending on the
hardware, nφ,k is, at each time k, a 0-mean Gaussian noise
with standard deviation σφ and φm,k is a disturb of the phase
that accounts for effects (i.e., multipath) of the environment. It
is assumed that the tags can be detected only if their distance
from the robot is less than a threshold: namely a tag can be
detected when the robot lies in a circle of radius ρM centered
on the projection of the tag on the floor.

The problem considered in this paper is a Simultaneous
Localization and Mapping (SLAM) problem, where both the
robot pose and the tags position must be estimated at the same
time.

III. SOLUTION APPROACH

The solution approach is based on the estimation of the
range and the bearing of each TLT with respect to the robot
(see Section III-A), which is then used in an EKF-SLAM
algorithm (see Section III-B).

A. TriLateration Tag Range and Bearing Estimation

The case of tags comprising a single antenna was considered
in [21]. When the robot moves, the range and the bearing of
any single antenna tag change over time. As described in [21],
knowing the wheel displacements uR,k and uL,k, it is possible
to derive the equations which describe the dynamics of the
range and the bearing of a given tag and to define a Multi-
Hypothesis Extended Kalman Filter (MHEKF), that fuses the
phase measurements with the odometry readings to obtain an
estimate of these quantities. The MHEKF consists of a set
of EKF instances initialized on the different cycles associated
with the first phase measurement arrived from the tag. The
instance with the largest weight (i.e., with the largest agree-
ment with the available measurements) is selected to provide
the range and the bearing estimate of the tag with respect to
the robot (see [21] for more details).

Now consider the case of TriLateration Tags. We could
clearly proceed by independently estimating the range and the
bearing of the three antennas forming the TLT, applying the
procedure just discussed. However, since we know the relative
distance between the three antennas forming the TLT, we can
consider a more effective approach, where the TLT is regarded
to as a triangular structure (with known shape and size) and
we want to estimate the relative pose of this structure with
respect to the robot.

Fig. 2. Geometric description of a TLT.

So, if i and j, i, j ∈ {1, 2, 3}, are two antennas in the TLT,
let Lij be the known distance between antennas i and j.

Let P1 = (xTLT
1 , yTLT

1 ), P2 = (xTLT
2 , yTLT

2 ) and P3 =
(xTLT

3 , yTLT
3 ) be the vertexes of the triangle formed by the three

antennas of the TLT (see Fig. 2). We will consider as reference
point in the TLT the vertex P1, and, at time step k, we will
define the range and the bearing of the TLT by considering
the range ρk and the bearing βk of this vertex with respect to
the robot:

ρk =
√(

xTLT
1 − xr,k

)2 + (
yTLT

1 − yr,k
)2
, (3)

βk = atan2
(
yTLT

1 − yr,k, xTLT
1 − xr,k

) − θk. (4)

We now introduce also the angle θB between the line
through P1 and P2 and the robot orientation:

θB,k = θ12 − θk, (5)

where θ12 = atan2(yTLT
2 − yTLT

1 , xTLT
2 − xTLT

1 ) is the constant
(unknown) angle between the line through P1 and P2 and the
x-axis of the global reference frame.

It is possible to derive the discrete time dynamics of these
quantities (in particular the dynamics of ρ and β has been
presented in [21], while the third is straightforward) to obtain:

ρk+1 = ρk − uk cos(βk), (6)

βk+1 = βk + uk

ρk
sin(βk)− ωk, (7)

θB,k+1 = θB,k − ωk. (8)

The available measurements are the phase readings from the
three antennas forming the TLT. To write these measurements,
we first compute the distance D1, D2 and D3 of, respectively,
antennas 1, 2 and 3 of the TLT from the robot. Exploiting the
TLT variables defined so far, we can write:

D1 =
√
ρ2 + h2, (9)

D2 =
√
ρ2 + L2

12 + 2 ρ L12 cos(β − θB)+ h2 (10)

D3 =
√
ρ2 + L2

13 + 2 ρ L13 cos(β − θB − ψ)+ h2, (11)
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Fig. 3. Average position estimation error of the three antennas in the TLT
performed by the 3D MHEKF proposed in this paper and by independently
estimating these positions through three 2D MHEKF as the ones in [20].

where ψ is the (constant and known) angle between the line
through P1 and P2 and the line through P1 and P3 (see Fig. 2).
The phase measurements from the three antennas forming the
TLT can then be written as in (2), with Dk respectively given
by (9), (10) and (11).

It is possible to estimate the pose of the TLT with respect
to the robot, i.e., to estimate the variables (ρ, β, θB) through
a MHEKF applied to the system with dynamics (6)-(8) and
using the phase measurements coming from the three antennas
of the TLT. The detailed steps of the MHEKF are reported in
Algorithm 1.

The proposed solution outperforms the approach where the
range and the bearing of the three antennas were estimated
independently both in performance and also in computational
time, since only one 3D MHEKF per TLT is necessary in place
of three 2D MHEKF, one for each antenna. In the average, the
time needed to execute the 3D MHEKF for each TLT is less
than half the time needed by three independent 2D MHEKF.

As for the performance, to compare the two approaches we
have executed 100 independent simulations. We have assumed
a standard deviation σφ = 10◦ on the error in the phase mea-
surements, with the three antennas in the TLT positioned in
(120, 120), (130, 125) and (120, 130) cm. The robot performs
random paths of 1000 steps under the TLT, which is located
on the ceiling at a height h = 255 cm. Other parameters
are like in Section IV. In each simulation we have computed
an average steady state estimation error on the position of
the three antennas in the TLT by considering the estimation
error in the last 200 steps of each simulation. These errors are
reported in Fig. 3: it is possible to observe how the proposed
approach provides a significant improvement with respect to
the independent version of [20].

As in [20], the offset of the three antennas in the TLT can be
included in the estimation process, as done in the experimental
test of Section V, by considering a 6D MEKF (it was 3D
in [20]). The estimation of the offset may also compensate an
uncertainty in the knowledge of the ceiling height and other
unmodeled phenomena, as discussed in Section V.

B. The EKF-SLAM

The range and the bearing estimates of the observed TLT
can be used in a simultaneous localization and mapping
algorithm, where the data association is available, thanks

Algorithm 1 The Multi-Hypothesis Extended Kalman Filter
(MHEKF) for range and bearing estimation of TLTs
Initialization. Let nM be an integer defining the number of EKF instances
and let �ρ = ρM/nM be the range interval differentiating the instances at the
beginning (nM should be selected not smaller than the number of possible
ranges corresponding to a phase measurement). Initialize nM EKF instances

 = 0, 1, . . . , nM − 1 with an initial estimate and covariance matrix given by

ρ̂
0 = �ρ/2 + 
 ·�ρ, (12)
β̂
0 = 0, (13)
θ̂ 
B,0 = 0, (14)

P
0 =
⎡
⎣
�2
ρ/12 0 0
0 (π/3)2 0
0 0 (π/3)2

⎤
⎦. (15)

Initialize the time step by assigning k = 0.
Prediction step. At each time step k, independently in each EKF instance 
,
compute the a priori estimates based on Eqs. (6)-(8):

ρ̂

,−
k+1 = ρ̂
k − ue

k cos(β̂
k ), (16)

β̂

,−
k+1 = β̂
k + ωe

k + ue
k

ρ̂
k

sin(β̂
k ), (17)

θ̂

,−
B,k+1 = θ̂ 
B,k − ωe

k. (18)

where ue
k and ωe

k depend on the encoder readings ue
R,k and ue

L,k as reported
in Section II. Compute the covariance matrix of the obtained estimates:

P
,−k+1 = F
k P
k(F


k )

T + W

k Qk(W



k )

T , (19)

where F
k and W

k are, respectively, the 3 × 3 and 3 × 2 Jacobian matrices of

the state dynamics with respect to the state and to the encoder noise, while
the encoder reading noise covariance matrix Qk is given by:

Qk =
[

KR|ue
R,k| 0

0 KL|ue
L,k|

]
. (20)

Correction step. Also the Correction step is applied independently in each
EKF instance 
. Let �k+1 be the vector of the three phase measurements
φi,k+1, i = 1, 2, 3, coming from the three antennas in the TLT at time step
k + 1. The expected measurement vector �̂
k+1 comprises the three expected

phase measurements φ̂
i,k+1 = mod (−2KD
i,k+1), i = 1, 2, 3, with D
i,k+1
given by (9), (10) and (11), where all variables in these equations are replaced
with their estimates ρ̂
,−k+1, β̂
,−k+1 and θ̂ 
,−B,k+1. Hence the correction step of the
filter is given by:

⎡
⎢⎣
ρ̂
k+1
β̂
k+1
θ̂ 
B,k+1

⎤
⎥⎦ =

⎡
⎢⎣
ρ̂

,−
k+1
β̂

,−
k+1

θ̂

,−
B,k+1

⎤
⎥⎦ + K
k+1(�k+1 − �̂
k+1), (21)

where

K
k+1 = P
,−k+1(H


k+1)

T
(

H
k+1 P
,−k+1 (H


k+1)

T + Rs

)−1
(22)

is the 3×3 Kalman gain, H
k+1 is the 3×3 Jacobian matrix of the measurement

with respect to the state and Rs = σ 2
φ · I3 (with I3 the 3 × 3 identity matrix)

is the covariance matrix of the measurement noise. The covariance matrix is
finally updated as follows:

P
k+1 = (I3 − K
k+1 H
k+1)P
,−k+1. (23)

Weighing step. The different EKF instances are weighed following the same
procedure described in [21], which takes into account the agreement between
the true and expected phase measurements coming from the three antennas of
the TLT. Instances with a too small weight or with a range estimate larger than
1.1ρM are moved to cycles corresponding to the current phase measurement
not covered by other instances (see always [21] for more details). Take as
final estimates of ρk and βk the ones provided by the best EKF instance (i.e.
by the EKF instance with the largest weight). �

to the knowledge of the ID of the responding tags. The
SLAM algorithm adopted in this paper is based on an
Extended Kalman Filter. The robot pose at time k is
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Fig. 4. Ideal phases for tag 1, TLT 1 in the corridor environment.

(xr,k, yr,k, θk), so the state vector, also including the tag
coordinates, is a 2L + 3 dimensional vector given by
xk = [xr,k, yr,k, θk, xT1,k, yT1,k, . . . , xTL,k, yTL,k]T . The coordi-
nates (xTi,k, yTi,k), i = 1, . . . ,L, refer to the point P1 of the
i-th TLT, as reported in Section III-A. The dynamics of the
system can be written as

xk+1 = f
(
xk, ue

k,we
k, nR,k, nL,k

)
, (24)

which contains 2L+3 equations, where the first three equations
are the robot dynamics (1), while the other 2L equations are the
constant dynamics of the tag coordinates, i.e., xTi,k+1 = xTi,k

and yTi,k+1 = yTi,k for all i = 1, 2, . . . ,L.
When a new range and bearing measurement with the robot

in state (xr,k, yr,k, θk) and the TLT in position (xTi,k, yTi,k) is
available, it can be expressed as follows:

hi(xk) =
[ √(

xr,k − xTi,k
)2 + (

yr,k − yTi,k
)2

atan2
(
yTi,k − yr,k, xTi,k − xr,k

) − θk

]
. (25)

When measurements from L TLTs are available, (25) becomes
a function h(·) whose 2L elements contain the range and the
bearing from the L TLTs. The detailed steps of the EKF-SLAM
are reported in Algorithm 2.

IV. NUMERICAL INVESTIGATION AND EXAMPLES

The simulated environment is a 3.5 × 2 m2 indoor corridor
with two TLTs located on the ceiling: the three antennas of the
first TLT are in (0.5, 0.75), (0.56, 0.85), (0.62, 0.75) m, the
three antennas of the second TLT in (2.5, 0.75), (2.56, 0.85),
(2.62, 0.75). The robot performs random paths that are gener-
ated by randomly selecting the initial position and orientation
of the robot. When going straight, in each time step the
robot covers a distance of about one cm. When performing
a turn, the robot covers about 5◦ per time step. The dura-
tion T of the simulations considered in this section is 2000
steps, corresponding to an average of about 15 m of traveled
distance. The parameters of the robot are d = 26 cm and
KR = KL = 0.01cm. The maximum detection range on the
floor is ρM = 150 cm, and the height of the ceiling with
respect to the reader is h = 255 cm. The standard deviation
σφ of the noise in the phase measurements is assumed 10◦.

A set of 100 simulations has been run with the proposed
approach and the performance is measured as in [19], by defin-
ing an average robot position estimation error over the last

Algorithm 2 The EKF-SLAM With TLT Selection

Initialization. Let ρ̂Ti,0, β̂Ti,0 be the range and the bearing estimate of the ith

TLT at time 0. Assign to (0, 0, 0) the initial robot pose estimate (x̂r,0, ŷr,0, θ̂0),
i.e. adopt as inertial frame the one with the origin in the initial robot posi-
tion with the x axis in the initial robot direction. Then, the estimate of the
TLT coordinates is initialized as follows: x̂Ti,0 = ρ̂Ti,0 cos(θ̂0 + β̂Ti,0) and
ŷTi,0 = ρ̂Ti,0 sin(θ̂0 + β̂Ti,0) for all i = 1, 2, . . . , L. Let k = 0. Initialize
the (3 + 2L) × (3 + 2L) covariance matrix Pk of the estimates as a block
diagonal matrix. The first 3 × 3 block of P0 referring to the robot pose is
a null matrix, since, by definition, for the choice of the inertial frame, the
initial robot pose is exactly known. The other L blocks are 2 × 2 matrices
P0,Ti = FTi,0 PρTi,0,βTi,0

FT
Ti,0

, where FTi,0 is the Jacobian matrix of xTi,0
and yTi,0 with respect to ρTi,0 and βTi,0 and PρTi,0,βTi,0

is the 2 × 2 sub-

matrix of P
0 in (15) corresponding to the range and the bearing components
(i.e. PρTi,0,βTi,0

is obtained by taking from P
0 the first two rows and the first
two columns).
Prediction step. At time step k, compute the a priori estimates x̂−

k+1 =
f (x̂k, ue

k,we
k, 0, 0), where f (·) has been defined in (24). Compute the covari-

ance matrix of the obtained estimates: P−
k+1 = FkPkFT

k + WkQkWT
k , where

Fk and Wk are, respectively, the Jacobian matrices of the state dynamics with
respect to the state and to the encoder noise and Qk has been defined in (20).
Correction step. Let zk+1 be the 2L-dimensional vector composed by L cou-
ples [ρ̂Ti,k+1, β̂Ti,k+1], each one representing the range and the bearing of
TLT i with respect to the robot, i = 1, 2, . . . , L, provided by the MHEKF
associated with TLT i. The expected value at this stage for this vector is
ẑ−k+1 = h(x̂−

k+1). Hence the correction step of the filter is given by:

x̂k+1 = x̂−
k+1 + Kk+1

(
zk+1 − ẑ−k+1

)
,

where Kk+1 = P−
k+1HT

k+1

(
Hk+1P−

k+1HT
k+1 + Rk+1

)−1
is the Kalman gain,

with Hk+1 the Jacobian matrix of function h(·) with respect to the state and
Rk+1 the 2L × 2L measurement model covariance matrix: this is a block-
diagonal matrix with L blocks given by PρTi,k+1,βTi,k+1 , i = 1, 2, . . . , L,
which are the 2 × 2 submatrices corresponding to the range and bearing
components of the covariance matrices P


∗
k+1 computed in (23), related to

the EKF selected instance 
∗ of the MHEKF for TLT i at step k + 1. The
Kalman gain is then modified to only consider the measurements (i.e. range
and bearing) coming from TLTs with a stable estimate. A TLT estimate is
considered stable if the MHEKF is selecting the same EKF instance in the
last N consecutive steps, where N is an integer to be properly tuned (N = 25
in our implementation). Hence the Kalman gain entries corresponding to a
TLT with an unstable estimate are assigned to zero. The covariance matrix is
finally updated as follows:

Pk+1 = (I − Kk+1Hk+1)P
−
k+1, (26)

with I the (3 + 2L)× (3 + 2L) identity matrix. �

1000 steps of the simulation

er = 1

L

L∑
i=1

⎡
⎣ 1

1000

T∑
k=T−999

|eri,k|
⎤
⎦, (27)

where eri,k is the difference at time step k between the true
and the estimated distance of the robot with respect to TLT i,
i = 1, 2, . . . ,L, and a map estimation error at the end of the
simulation

et = 1

L(L − 1)/2

L−1∑
i=1

L∑
j=i+1

∣∣etij,T
∣∣, (28)

where etij,T , i = 1, 2, . . . ,L − 1 and j = i + 1, . . . ,L, is the
difference at the final time step T between the true and the
estimated distance of TLT i with respect to TLT j (L(L − 1)/2
is the total number of these distances).

The considered scenario is a corridor where along the side
walls there are wooden cabinets 0.5 m wide and 2.5 m high
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Fig. 5. Multipath affected phases for the 2 TLTs in the corridor environment. The upper figures show the phases for the 3 tags composing TLT 1, while the
lower figures show the phases for the 3 tags composing TLT 2.

Fig. 6. Layout of the environment where the robot is allowed to move during
the simulations. The clustered black squares represent the two TLTs, while the
brown rectangles represent the wooden cabinets. A random robot trajectory
is depicted in blue (the circle represents the robot initial position).

and long so that they almost entirely cover the walls. The
electromagnetic analysis takes into consideration the model of
the antennas used and operates with a ray-tracing ([23], [24])
accounting for the direct ray and the first reflection. Evidently
the multipath contribution can be considered moderate.

The map (variation) of the phase of the signal received by
the robot is shown in Fig. 4, assuming that the tag and the
robot were in free space. On the other hand, Fig. 5 shows the
maps of the phases of each element of the two TLTs received
by the robot antenna within the corridor scenario. From the
comparison between the map of Fig. 4 and those of Fig. 5
the effect of the multipath is evident, the equiphase lines lose
their regularity while some areas (in white) are not reached
by a signal having sufficient intensity to be received because
of the destructive interference of multipath.

TABLE I
AVERAGE ROBOT POSITION AND MAP ESTIMATION ERRORS (er AND et )
FOR THE SIMULATIONS ON A FREE SPACE AND MULTIPATH AFFECTED

ENVIRONMENTS

Fig. 6 shows the layout of the environment with the 2 TLT
and the wooden cabinets. The figure also shows the real robot
trajectory that has to be estimated by the presented algorithm,
together with the position of the TLTs. Table I shows the robot
position and map average estimation errors for 100 simula-
tions that have been run in a free space and multipath affected
environment. Figs. 7 and 8 show the comparison between the
estimation errors on robot position er and, respectively, the
map estimation errors et in a free space environment and space
affected by multipath. The results show that the error for the
robot position estimation is small (< 1 cm) in both the envi-
ronments. The map estimation errors are an order of magnitude
larger than those of the robot position, but still small and less
than 5 cm.

The previous results, for the free space environment, have
been also compared to those obtained in [20] where 4 sin-
gle antenna tags were located in the ceiling of a 2 × 2 m2

free space environment. The results of the simulations for the
two algorithms are depicted in Fig. 9. The average er for 100
simulations ran in [20] is 0.93 cm that, compared with the
one obtained from the presented method, shows a reduction
of 85.7%, whilst for the average et, which was 1.44 cm, a
reduction of 30.6%.

V. EXPERIMENTAL RESULTS

A set of experimental tests has been performed in the office
room depicted in Fig. 10. The robot used in the experiments
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Fig. 7. Comparison between estimation errors on robot position er , for
the presented SLAM method. The blue diagram depicts the errors over 100
simulations in free space, while the red diagram shows the errors in space
affected by multipath.

Fig. 8. Comparison between map estimation errors at the end of the simula-
tion et , for the presented SLAM method. The blue diagram depicts the errors
over 100 simulations in free space, while the red diagram shows the errors in
space affected by multipath.

Fig. 9. Comparison between errors er and et for the presented method (blue)
and the SLAM method presented in [20] (red).

(see Fig. 11) is a custom unicycle-like vehicle with a differen-
tial drive kinematics, where the distance between the left and
the right wheel is 38.2 cm. The robot mounts a Raspberry Pi
4 with a Linux Ubuntu 20.04 OS where a motion planner has
been developed for the high level control. An Arduino Mini
is also installed in order to control the low level references
to the motors and the encoder readings. The reader antenna
is placed on board the robot at a height of 35 cm from the
floor, it is a right-hand circularly polarized microstrip patch
antenna with 7 dBi of gain. The reader (M6e ThingMagic),

Fig. 10. The experimental setup, with the two TLTs on the ceiling and the
robot during its mission. The (x, y, z) frame selected according to the initial
pose of the robot is also reported.

Fig. 11. The robot used in the experiments. The UHF-RFID antenna is
mounted on top of the robot.

wireless controlled by means of a remote PC and a Raspberry
Pi 4 on board the robot, supplies the antenna with a power
of 25 dBm and collects measured data with a rate of 15 Hz
while the robot moves with a speed of 0.2 m/s. Measurements
have been performed at the frequency of 867 MHz.

Two TLT tags have been deployed on the ceiling of an office
room at distance of 1.5 m, as shown in Fig. 10. They are com-
posed of three in-lay tags, with mutual distances Lij of about
17.5 cm, placed radially with angle of 120◦ over a copper
ground plane. Each in-lay tag (LAB-ID UH107) is attached
over a substrate of polystyrene foam having thickness 8 cm, as
shown in Fig. 12. The thickness of the foam is about a quarter
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Fig. 12. The TLT used in the experiments. The three in-lay tags are placed
radially with an angle of 120◦, mounted over a polystyrene substrate, resting
on a copper surface.

Fig. 13. A map of the considered environment, with the robot in its initial
position and orientation (defining the global frame adopted) and the (x, y)
position of the two TLTs considered in the experiment. The path estimated
by applying the proposed SLAM algorithm is also reported.

of wavelength in order to preserve the radiation capability and
the impedance matching of the in-lay tag when placed over
the metallic ground plane. The distance between the plane of
placement of the tags and the plane of placement of the reader
antenna is about 2.5 m.

The experiments have been conducted with the robot
moving autonomously along a rectangular path while collect-
ing data from the encoders and from the UHF-RFID reader.
The data collected during the runs have been used offline
to feed the developed algorithms and to assess their perfor-
mances. A map of the environment is reported in Fig. 13
together with the estimated robot trajectory for the experiment
described in this section. Nominally the robot is requested to
cover a rectangular path performing three turns in the area
under the tags. The requested trajectory is followed open loop
by the robot. Due to several kinds of disturbance, the actual
trajectory was quite different from the nominal rectangular
one, as witnessed by the trajectory reconstructed by the SLAM
algorithm. The ground truth of the overall trajectory is not

Fig. 14. The figure shows the estimation error on the distance between the
two tags during the run for the single tag setup (in blue) and for the TLT (in
red) using only the MHEKF with the robot odometry.

available in this experiment: we only measured the final posi-
tion of the robot at the end of its mission, which allowed to
compute the performance indexes considered in this paper. In
particular, we report in Tables II and III the true and the esti-
mated distances d12 between the two tags and, respectively,
the true and the estimated distance di of the final robot posi-
tion from the projection on the floor of the two tags (i = 1, 2)
in the case of the TLTs and in the case of the Single antenna
Tags (ST) considered in [20]. In the ST case the tags in posi-
tion (0.36, 0.71) and (1.85, 0.71) have been considered. From
the tables, it can be observed how the use of the TLTs in place
of single antenna tags allows to obtain a slight improvement
in the performance of the algorithm.

The main reason of the better performance is that the esti-
mate of the tag position when considering TLTs in place of
single antenna tags becomes noticeably more reliable. This
is essentially due to the availability of three phase measure-
ments for each tag in place of just one. This is illustrated
in Fig. 14, where it is possible to observe how the distance
between the estimated position of the two TLTs during the
experiment presents a faster convergence rate and is in gen-
eral more frequently close to its true value with respect to the
case where two single antenna tags were considered. From
Fig. 14 it is possible to observe how in the case of TLTs, the
estimation error is usually smaller than 20 cm apart from the
time interval around time-step 6000: this depends on the selec-
tion in that interval of a bad MHEKF instance, possibly due
to multipath effects or to other unmodeled disturbances. This
bad behavior of the MHEKF however does not significantly
affect the solution to the SLAM problem since the main EKF-
SLAM algorithm properly handles this situation by ignoring
unstable TLT estimates.

The estimation errors in the experimental tests are larger
with respect to the ones obtained in the simulation scenario and
also the improvement obtained using TLTs in place of single
antenna tags is less evident: this is due to several unmod-
eled phenomena, like multipath effects and the dependence
of the phase measurements on the relative tag-reader orienta-
tion, which afflict both the situations. The estimation of the
offset allows in part to cope with these unmodeled phenom-
ena and to produce an acceptable behavior, which could be
further improved by developing a more comprehensive phase
measurement model.
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TABLE II
INTER-TAG DISTANCE d12 (IN CM): TRUE AND ESTIMATED IN CASE OF

TLT AND SINGLE ANTENNA TAGS (ST)

TABLE III
DISTANCES (IN CM) OF THE ROBOT FROM THE ESTIMATED TAGS: TRUE

AND ESTIMATED IN CASE OF TLT AND SINGLE ANTENNA TAGS (ST)

VI. CONCLUSION

A SLAM problem has been considered in this paper for a
mobile robot, equipped with an odometry sensor (encoders)
and measuring the phase of the signal backscattered by a
set of UHF-RFID passive tags deployed in unknown posi-
tion on the ceiling of the environment. The paper introduces
a particular kind of tag, denoted as TriLateration Tag (TLT),
comprising three antennas close one each other, which form
a triangular structure with known shape and dimension. A set
of Multi-Hypothesis Extended Kalman Filters, one for each
TLT, allows to dynamically estimate the range and the bearing
of the detected TLT with respect to the robot. These esti-
mates are then used in an EKF-SLAM algorithm solving the
SLAM problem. The approach is robust against several kinds
of disturbances and improves, also from this point of view,
the performance of other methods presented in the literature
in this context. If the offset in the measurements is included
in the estimation process, the approach does not require any
preliminary calibration procedure, apart from an approximate
measurement of the ceiling height, where the tags are placed.
As future work, the relative orientation of the TLT with respect
to the robot, provided by the MHEKF in addition to the range
and the bearing of the TLT, could be included in the SLAM
algorithm and would allow in principle to solve the SLAM
problem even if only one TLT is available in the environment.
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