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Close Motion Estimation of UHF-RFID Tagged
Objects Based on Electromagnetic Coupling

Lorenzo Bianchi, Emidio Di Giampaolo , Francesco Martinelli , and Fabrizio Romanelli

Abstract—We consider the close relative motion of two UHF
RFID tags and the problem is the estimation of the distance
between the two tags, by measuring the Received Signal Strength
Indicator (RSSI) and the phase of the RFID signal backscattered
by one of the two tags. Due to the short distance considered,
and hence to the electromagnetic coupling between the antennas,
the measured RSSI and phase present a complex and ambiguous
dependence on the distance between the tags. The problem is
solved through two approaches, based respectively on a Multi-
Hypothesis Extended and a Multi-Hypothesis Unscented Kalman
Filter (MHEKF and MHUKF). The availability of phase and
RSSI allows to mitigate the ambiguity in the problem and
to estimate the distance without any information on its initial
value. Simulation and experimental results show the effectiveness
of the approach, with the MHUKF presenting slightly better
performances compared to the MHEKF. The proposed setup can
be applied in manufacturing, robotics, safety and in any context
where the variable distance between two close objects should be
monitored.

Index Terms—UHF-RFID RSSI and phase measurements,
Kalman filtering, electromagnetic coupling.

I. INTRODUCTION

PASSIVE UHF RFID tags are increasingly supporting
sensing and localization functions [1], [2], [3], [4] in

addition to the usual identification function. For that purpose,
specific sensor functionalities are frequently included in the
microchip or, as an alternative, sophisticated electromagnetic
designs exploiting specific properties of the antennas [5], [6],
are used. Falls within this second design methodology the use
of electromagnetic coupled pairs of tags, closely spaced, which
are sensitive to small reciprocal displacements. In fact, because
of mutual coupling, small changes in the relative distance
modify the phase and the Received Signal Strength Indicator
(RSSI) of backscattered signals [7], [8], [9]. This kind of tag
is conceived for structural health monitoring being able to
measure (or estimate) the enlargement of cracks in structures.
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They require a strong electromagnetic coupling between the
two tags in order to achieve high sensitivity in detecting
the movement but, the stronger the coupling, the worse the
communication, so a trade-off between sensing and communi-
cation needs is essential for their functioning [10], [11], [12].
In fact, the strong electromagnetic coupling between two
nearby tags generates a degradation of communication due
to impedance mismatch (the input impedance of each tag is
strongly affected by the mutual impedance which varies with
distance) and due to antenna gain variation (which generally
decreases). These systems are generally used to detect small
displacements typically ranging from sub-millimeters to a few
tens of millimeters.

In this work we aim to extend the motion detection range
to a few tens of centimeters by exploiting both mutual
coupling and short-range scattering between two tags. Unlike
other works [13] that try to mitigate multipath for improving
localization estimation, in this work short-range scattering is
deliberately used, in particular we deal with the scattering
between two tags that arises at a short distance in the far
field region of tag’s antenna. We make use of two commercial
tags deployed in close positions, as the distance between
them varies while they move around the transition region
between the reactive field and the far field of the tag’s
antenna [14]. Tags also suffer from complex coupling that
alters the matching and communication properties of the two
tags. That change affects the phase and the RSSI of the
backscattered signals so that they have the imprinting of the
distance between the two tags.

We propose an electromagnetic model of the interaction
between the tags, and methods for estimating the mutual dis-
tance exploiting the information imprinted in the backscattered
signals. As outlined in Section IV, this paper improves the
work shown in [15] with new contributions, in particular it
reports a more complete electromagnetic model of RSSI and
phase of the backscattered signal, the estimate algorithms no
longer require knowledge of the initial condition but exploit
the measurement of the phase to make the system observable.
The complexity of the new electromagnetic model has required
the use of an UKF algorithm not used before while an
interpolation has been introduced in the EKF. Finally, models
and estimation algorithms are checked with experimental tests
that, instead, are not considered in [15].

From an application point of view, the proposed method
can be used both in specific contexts of structural health
monitoring and in industrial robotics [16], [17], [18], where it
is necessary to know the progression of the approach between
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two tagged objects for manipulation or assembly or safety.
This may include (but is not limited to) the case a manipulator
approaches a tagged object for grasping, a tool must perform
a manufacturing operation over a tagged object in production
or when controlling the approach of tagged vehicles during
docking. These applications are significantly different from
the ones occurring in localization scenarios since, due to the
short distances involved, the coupling between the tags must
be taken into account.

Different methods are reported in the literature to face each
of the above mentioned applications. In particular, they make
use of different technologies (e.g., vision, ultrasound, etc.) or
a mix of technologies including RFID: to cite a few, [19]
a manipulator robotic arm resorts to a camera and antenna
RFID, [20] a system that fuses signals from a beacon emitting
ultrasound chirps and RF sync signals and from RFID, [21]
is based on a Synthetic Aperture Radar approach while [22]
exploits near field antennas. Nevertheless that technique is not
free from difficulties and complexity [23]. The synergistic use
of different technologies allows mixed methods to improve
the accuracy of the estimate, on the other hand they are
limited in those environments in which one of the technologies
used is not effective. In so-called harsh environments, for
example, technologies based on vision, ultrasound or infrared
are strongly disturbed by fumes, gases, dust and temperature
variations. In these environmental contexts, a technology such
as UHF RFID is effective as it is not affected by the
disturbances that affect others. As an example of an envisaged
scenario, Fig. 1 shows a sketch of the approach of a robot to a
target tag by exploiting the coupling information between the
target tag and a probe tag which is at a fixed distance from
the reader.

The paper is organized as follows: Section II reports the
problem formulation, Section III explains the used EKF
and UKF to solve the problem, Sections IV and V report
numerical and, respectively, experimental results. Conclusions
and discussions are given in Section VI.

II. NOTATION AND PROBLEM FORMULATION

The reference scenario that we take into consideration in
this work is shown in Fig. 1 in which there is a probe tag that
moves back and forth relative to a target tag that is considered
stationary. The movement occurs along the alignment direction
of the target tag and the reader.

Let D0 be the distance between the reader antenna and
the probe tag (see Fig. 1), it is time-invariant. The distance
between the probe tag and the target tag is, instead, time-
variant, it will be indicated with d and is the quantity of
interest to be estimated. As the probe tag approaches the
target tag, the latter can be in different field regions of the
probe tag as shown in Fig. 2. At the used frequencies and
for the typical dimensions � of a UHF tag (i.e., 10cm) the
reactive field region (having extension Lreac) comes to be
adjacent to the far field region (Lfar) being Lreac = λ/2π ≈
2�2/λ = Lfar approximately 5cm (being λ the wavelength
of the signal corresponding to the used frequency of 867
MHz). The interaction between the probe tag and the target

Fig. 1. The considered setup with relevant distances.

tag therefore passes from an exchange of reactive energy when
d < Lreac to a short-range scattering in which one of the two
tags partially reflects the electromagnetic wave towards the
other creating interference with the wave that arrives directly
from the reader. The transition from the reactive field coupling
to the scattering coupling is evidently not clear but there is a
superposition of the two effects when the distance d is close
to Lreac.

In this situation, an electromagnetic model capable of
describing the variation of the signal backscattered by the
tags must take into account both the change in the parameters
of antennas (i.e., input impedance and gain) due to reactive
interactions when d is very short and the multipath between
tags when d is in the far field region. The modeling of
reactive interactions can be done as shown in [10] after the
determination of self and mutual impedance of the couple
of tags for different values of d that can be achieved with
a numerical analysis of a detailed electromagnetic model of
tags’ antennas. Nevertheless, the complexity and the numerical
nature of that model make it not suitable to be integrated
into a Kalman filter in which closed-form equations are
preferable being computationally much less demanding (e.g.,
EKF requires the derivatives (w.r.t. d) of the measurement
model for the calculation of the Jacobian matrix). For this
reason, we resort to interpolating functions as reported in
Section III-A to account for the effects of reactive interaction
on the RSSI and on the phase of the backscattered signal.

Far-field interaction instead can be modeled with the equa-
tion of a multipath channel

Ei(d) = V0
e−jβD0

(4πD0)
CH(d), (1)

where V0 is a complex amplitude while Ei(d) is the electric
field impinging on the probe tag, it is the superposition of
the field V0(e−jβD0/[(4πD0)]) coming from the reader antenna
after propagating the distance D0 and the field reflected by the
target tag which travels an additional path of length 2d. It is
modeled using the channel response

CH(d) =
⎡
⎣1 + �

e−j2βd
(

1 + d
D0

)
d

⎤
⎦
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Fig. 2. Schema of tag’s antenna field zones: R reactive field region; N
radiative near field region; F far field region. P probe tag, T target tag.

with � = �0ej�0 a factor that accounts for reflection of
the target tag having �0 and ��0 as magnitude and phase,
respectively while β = (2π/λ) is the propagation factor.

The RSSI of the RFID signal backscattered by the probe
tag and measured by the reader changes with the distance d
(and on D0 as well) according to the following equation:

RSSI(dBm) = RSSI0 + 20 log10

(
|CH(d)|2

)
+ nRS, (2)

where RSSI0 is depending on D0 and on the properties
of reader and tags antennas while nRS ∼ N (0, σ 2

RS) is a
measurement error.

Similarly, the phase of the signal backscattered from the
probe tag and measured at the reader is

φ = mod
(−2βD0 + 2 arg [CH(d)] + φ0 + nφ, π

)
(3)

with φ0 a phase offset depending on the particular setup and
nφ ∼ N (0, σ 2

φ ) a measurement error.
Assuming zero noise (i.e., nRS = 0 and nφ = 0), the

RSSI model of measurements as a function of d is reported
in Fig. 3 while the phase is shown in Fig. 4. These figures
have been obtained by applying, respectively, the measurement
models (2) and (3) with the following set of parameters: D0 =
1.0 m, RSSI0 = −59.68 dBm, β = 2π/λ = 18.16 m−1,
�0 = 0.02 and ��0 = 0.8416. If only the RSSI or only the
phase is considered, the ambiguity of the information on the
distance d between the two tags is evident. The ambiguity
is mitigated by exploiting the combination of the RSSI and
phase measurements. Similarly to the antenna parameters in
the reactive zone, the parameter � is not known a priori
depending on the particular tag, so the model has to be tuned
with preliminary measurements.

III. SOLUTION APPROACH

Two solution approaches are proposed in this paper: the first
one is based on an Extended Kalman Filter (EKF), while the

Fig. 3. The RSSI of the backscattered RFID signal as a function of the
distance d between the two tags. The vertical dashed line shows the border
between the reactive field model and the far field model.

Fig. 4. The phase of the backscattered RFID signal as a function of the
distance d between the two tags. The vertical dashed line shows the border
between the reactive field model and the far field model.

other one relies on an Unscented Kalman Filter (UKF, [18]).
The UKF is a filtering approach expressly designed to cope
with nonlinear systems and, without introducing a linearization
of the dynamics and of the measurement model of the
system, usually provides quite better performances than the
EKF, without a significant increment in the computational
complexity. In our case, the main reason to consider the UKF
is the complexity of the highly nonlinear measurement model.
This makes the linearization a quite poor approximation of
the true model (which works only in the close proximity
of the true value of the distance). Moreover, the complexity
of the model does not allow to obtain a simple analytical
expression of the Jacobian matrix required to apply the EKF.
For this reason, the EKF has been applied by computing the
Jacobian of an interpolated measurement model, as detailed
in Section III-A. On the contrary, the UKF, which computes
the expected measurements on a set of properly selected
points (called Sigma Points), does not require the evaluation
of the derivatives of the measurement model and thus uses
the exact model. In both cases, a multi-hypothesis filter is
considered (MHEKF and MHUKF in the case of the EKF
and, respectively, of the UKF) to cope with the fact that the
initial distance is not known and more instances of the filter
are initialized with a different distance estimate. In fact, even
if in some situations the UKF presents better convergence
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properties with respect to the EKF, both approaches do not
converge if the initial distance estimate is too far from the true
value of the distance.

A. Multi Hypothesis Extended Kalman Filter (MHEKF)

The proposed filter, using the available measurements (the
RSSI and the phase shift of the RFID signal), provides an
estimate of the distance d and of the (scalar) velocity v = ḋ
of the target tag with respect to the probe tag. The state x of
the filter is then x = [d, v]T . As shown in [15], the necessity
of estimating also the velocity v depends on the fact that,
in the implementation of the prediction step of the filter, no
internal measurements of the tag motion (like the ones coming
from, e.g., inertial sensors) is assumed available in this setup.
This, together with the ambiguity in the RSSI and in the phase
measurements, may result, if the velocity is not included in
the estimation, in a poor performance of the filter.

We will present, at first, the structure of a single instance of
the EKF, by leaving at the end of the section the description of
the MHEKF, which uses a certain number of EKF instances,
each one initialized with a different initial condition. The
EKF comprises a prediction and a correction step. Since, as
mentioned, no direct internal measurement of the tag motion
is available at this stage, the prediction step is designed by
assuming a rough knowledge of the expected rate which
characterizes the variation of the velocity v. The prediction
step can be obtained by considering the discretized dynamics
of the system, which in matrix form, with a sampling time

T , can be written as follows:

xk+1 = Axk + ωk, (4)

where xk = [dk, vk]T , A is a 2 × 2 matrix with A(1, 1) =
A(2, 2) = 1, A(1, 2) = 
T and A(2, 1) = 0 and finally
ωk = [0, ak
T ]T , being ak the (unknown) acceleration at
time step k (i.e., a = v̇). Being unknown, ak
T will be
modeled as a Gaussian random variable n
v with 0 mean and
standard deviation σ
v. The size of the standard deviation σ
v

is assigned taking into account the expected changing rate of
the velocity. It is now possible to write the prediction step of
the EKF:

x̂−
k+1 = Ax̂k, (5)

P−
k+1 = APkAT + Qk, (6)

where x̂−
k+1 is the a priori estimate provided by the filter, Pk

is the covariance matrix and Qk is a 2 × 2 matrix with all 0
elements apart from Q(2, 2) = σ 2


v.
The correction step of the filter performs a correction of

the predicted estimate by considering the measurement vector
zk+1, which comprises the RSSI and the phase shift φ in the
RFID signal observed at time step k + 1:

zk+1 =
[

RSSIk+1
φk+1

]
, (7)

where RSSI and φ are respectively given by (2) and (3). The
expected measurement vector at this stage will be denoted
by ẑ−

k+1 = h(x̂−
k+1) and will comprise the expected RSSI

and phase measurements, which can be computed using

respectively (2) and (3), considering zero noise, with the
distance estimated in the prediction step. The correction step
can then be written as follows:

x̂k+1 = x̂−
k+1 + Kk+1

(
zk+1 − ẑ−

k+1

)
, (8)

Pk+1 = (I − Kk+1Hk+1)P
−
k+1. (9)

In this expression I is the 2 × 2 identity matrix, Kk+1 =
P−

k+1HT
k+1(Hk+1P−

k+1HT
k+1 + R)−1 is the Kalman gain, with

Hk+1 the Jacobian of the measurement model and

R =
[

σ 2
RSSI 0
0 σ 2

φ

]
(10)

being the covariance matrix of the noise in the RSSI and
the phase measurements. More in detail, Hk+1 is a 2 × 2
matrix, where the first row contains the derivative of the RSSI
measurement in (2) with respect to the estimated variables d
and v, evaluated at d̂−

k+1 and v̂−
k+1. Similarly, the second row of

Hk+1 contains the derivative of the phase in (3) with respect to
d and v, still evaluated at d̂−

k+1 and v̂−
k+1. Since the RSSI and

the phase only depend on the distance d and are independent
of the velocity v, Hk+1(1, 2) = Hk+1(2, 2) = 0.

Since it is not straightforward to obtain a closed-form
expression of the measurement model derivative in (2) and (3)
with respect to d (needed in the computation of the Jacobian
Hk+1), we have decided to compute this derivative by intro-
ducing an approximate measurement model, obtained through
MATLAB’s interp1 function using “spline” as the method
parameter. By doing so, we obtain a struct from which
the derivative function can easily be computed. Moreover,
if interp1 receives a dense interval of points as input, the
resulting interpolation function is almost identical to the
actual model. It is important to note that the interpolated
derivative function is used only inside the EKF computations,
as the expected RSSI and phase are still obtained through the
complex model equations.

Since in this paper the initial value of the distance is
assumed unknown and the EKF may diverge if the initial
estimate is not assigned sufficiently close to the true value of
d, a MHEKF is proposed to solve the problem. In this case,
different EKF instances are introduced, each one initialized
with a different distance d (but all with a zero velocity and
a proper standard deviation σv0 , to cope with the uncertainty
in the initial velocity). As a result, the interval of all possible
initial distances [0, Dmax] is partitioned into a set of small
segments, and an EKF is initialized in each segment, with a
standard deviation σd0 which depends on the size 
s of each
one of these small segments (i.e., σd0 = 
s/6). With this
initialization, the initial covariance matrix P0 of each instance
will be a diagonal 2×2 matrix with diagonal elements σ 2

d0
and

σ 2
v0

. The EKF instances run in parallel but, at each time step
k, the one with the largest weight is selected to produce the
estimate x̂k. The weight is computed by taking into account
the agreement of the expected measurements of the filter with
the true measurements. By denoting with w(�)

k the weight at
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time step k of instance �, whose initial value is w(�)
0 = 1, at

each step it is updated through the following equation:

w(�)
k+1 = w(�)

k · exp

{
−1

2

zT

k+1�
zk+1

}
, (11)

being � = (Hk+1P−
k+1HT

k+1 + R)−1, 
zk+1 = zk+1 − ẑk+1 the
difference between true and expected measurement at instance
� and all quantities H, P and ẑ referred to instance �. Finally,
the weights are normalized to one. The use of an exponential
function in (11) often leads to instances’ weights that differ
from each other by many orders of magnitude, also in the
case of non-diverging EKFs. Therefore, in order to have more
similar weights, it is possible to transform (11) by applying
the logarithmic function to both sides of the equation. The
resulting formula, this time with the initial condition w̄(�)

0 = 0,
then becomes:

w̄(�)
k+1 = w̄(�)

k − 1

2

zT

k+1�
zk+1. (12)

B. Multi Hypothesis Unscented Kalman Filter (MHUKF)

The structure of the MHUKF coincides with the one of the
MHEKF described in Section III-A, i.e., same initialization
of the different instances and same selection of the instance
with the largest weight to produce the current estimate. In the
MHUKF however, each instance is an UKF, with a different
prediction and correction step, which are detailed in this
section. Also, the equation to update the weight of the different
UKF instances is slightly different from the one reported
in (11) and will be described below.

The UKF is based on the generation of a set of 2na+1 Sigma
Points ξi, i = 0, 1, . . . , 2na, being na the dimension of the
augmented state xa of the system, which in this case comprises
the vector x of the estimated variables and the process noise
variable n
v . Hence we have na = 3 and xa = [xT , n
v ]T . In
the UKF xa is described through a Gaussian random variable
with mean ma = [mT

x , 0]T , being mx the mean of x and being
0 the mean of n
v . Accordingly, the covariance matrix of xa

is a 3 × 3 diagonal matrix Pa with the first 2 × 2 block given
by the covariance matrix P of x and the element (3, 3) given
by σ 2


v. Let

[ξi, ωi] = SP(ma, Pa)

be the procedure (detailed in [18]) to generate the 2na + 1
Sigma Points ξi ∈ R

na , and their weights ωi, corresponding to
the Gaussian variable xa.

In the prediction step of the UKF, we first generate the
Sigma Points (and their weights) from the estimate obtained
in the previous step:

[
ξi,k, ωi,k

] = SP
([

x̂T
k , 0

]T
, diag(Pk, σ

2

v)

)
. (13)

Then, the discrete dynamics equation (4) is applied to each
Sigma Point as follows:

ξ−
i,k+1 = Aaξi,k, i = 0, 1, . . . , 2na. (14)

Here Aa = [A, B], with B = [0, 1]T and ξ−
i,k+1 ∈ R

2 is
the value of x corresponding to the i-th Sigma Point after
the transformation dictated by the dynamics. The predicted

estimate of x and its covariance matrix at time step k + 1 are
then given by:

x̂−
k+1 =

2na∑
i=0

ωi,kξ
−
i,k+1, (15)

P−
k+1 =

2na∑
i=0

ωi,k

(
ξ−

i,k+1 − x̂−
k+1

)(
ξ−

i,k+1 − x̂−
k+1

)T
. (16)

The correction step of the filter is as follows. First of all
we compute the measurement Z−

i,k+1 expected in each Sigma
Point ξ−

i,k+1 according to the measurement model:

Z−
i,k+1 = h

(
ξ−

i,k+1

)
.

The expected measurement at this stage is then obtained by
averaging over the Z−

i,k+1:

ẑ−
k+1 =

2na∑
i=0

ωi,kZ−
i,k+1.

This allows to compute the innovation 
zk+1 and the covari-
ance matrices Pzz,k+1 and Pxz,k+1 needed in the update process
of the filter as follows:


zk+1 = zk+1 − ẑ−
k+1,

where zk+1 is the actual measurement (RSSI and phase)
obtained at time step k + 1,

Pzz,k+1 =
2na∑
i=0

ωi,k

(
Z−

i,k+1 − ẑ−
k+1

)(
Z−

i,k+1 − ẑ−
k+1

)T + R

and

Pxz,k+1 =
2na∑
i=0

ωi,k

(
ξ−

i,k+1 − x̂−
k+1

)(
Z−

i,k+1 − ẑ−
k+1

)T
.

The estimate (and its covariance matrix) is then corrected as
follows:

x̂k+1 = x̂−
k+1 + Kk+1
zk+1 (17)

Pk+1 = P−
k+1 − Kk+1Pzz,k+1KT

k+1, (18)

with

Kk+1 = Pxz,k+1
(
Pzz,k+1

)−1
.

Each UKF instance � executes the prediction and the
correction steps just described producing an estimate x̂�

k. The
MHUKF selects the instance � with the largest weight. The
weight w�

k+1 of each instance � is computed according to the
following equation:

w(�)
k+1 = w(�)

k · exp

{
−1

2

zT

k+1

(
Pzz,k+1

)−1

zk+1

}
. (19)

The weights are then normalized to one. As already done for
the EKF, the previous equation is simplified by applying a
logarithm function to both equation members and by updating
the initial condition from 1 to 0. Thus, Eq. (19) becomes:

w̄(�)
k+1 = w̄(�)

k − 1

2

zT

k+1

(
Pzz,k+1

)−1

zk+1. (20)
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Fig. 5. Estimation ambiguity: the trajectory estimated with the approach
in [15] when starting from a far initial condition with the same RSSI
measurement.

IV. NUMERICAL RESULTS

A. Limitations of the Previous Approach in [15]

The algorithm presented in [15] gives a proper distance
estimate only when initialized around the actual starting
position. On the contrary, the estimate could diverge, or worse,
converge to a wrong trajectory, whose weight score (12) was,
sometimes, even greater than the weight of the EKF instance
initialized close to the true distance and producing a correct
estimate.

Let us consider the RSSI model and the algorithm from [15]
with a high density of measurements, only possible in simula-
tion. Let the starting position of the target tag be at about 6 cm
from the tag probe, corresponding to an RSSI measurement
of −61 dBm; nonetheless, the same measurement may also
be obtained from an initial distance of about 18 cm. An
EKF initialized at 15 cm produces a plot as in Fig. 5, where
the estimate converges immediately to the closer distance
producing the measured RSSI, 18 cm. The ground truth, the
blue line, indicates a movement of the robot that makes it go
away from the fixed tag, while the estimated distance, in red,
suggests an approach. This makes sense as the measurements
obtained from the two initial points, moving the opposite
directions, are the same.

To fix this issue, it is necessary to add a further measure-
ment, the phase of the signal, which allows to eliminate the
ambiguity. Using these two sources of information, not only
it is possible to have an estimated trajectory whose weight is
low when the initial condition is too far from the actual one
(and the obtained estimate is not correct), but also to have a
wider basin of attraction. The basin of attraction is the set of
all the initial estimates that allow to obtain convergence of the
filter to the true distance. As depicted in Fig. 6, it consists of
the segment (0, 10 cm) around the true initial distance (5 cm
in the figure). It can be observed that the estimate initialized
in 15 cm is too far from the true value (about 10 cm), i.e., it
is outside the attraction basin and does not allow to obtain the
convergence of the estimate to the true value.

Without loss of generality (since this simply corresponds to
a suitable scaling of the involved variables), a sampling time

T = 1 is assumed and, therefore, the tag velocity vk only
depends on the step dimension 
d, being equal to 1 cm/s if

Fig. 6. EKF’s distance estimate when using both RSSI and phase
measurements starting from different initial conditions.


d = 1 cm. By step dimension 
d we denote the difference
dk+1 − dk between the distances in two consecutive steps of
the simulation. Considering a number of instances nf = 5 with
initial conditions equally distributed inside the interval going
from dmin = 0 m to dmax = 0.15 m, the standard deviations
used for this EKF test are σd0 = (dmax − dmin)/nf /6, σv0 =
10−6 m/s, σ
v = 10−3 m/s, σRSSI = 0.5 dBm and σφ =
10◦. In Fig. 6, the not converging instance with the initial
condition at 0.15 m, resembling the estimated curve in Fig. 5,
is purposely shown. In this case, the weight of this instance is
extremely lower compared to the one of the other converging
instances.

B. Interpolation of the Measurement Model and Introduction
of the UKF

With the introduction of the new model described in
Section II, more complex than the one considered in [15],
it is no longer possible to compute a closed-form derivative
equation to be fed to the linearized model of the EKF
algorithm. Two different solutions are implemented to solve
such a problem: the new model is interpolated using spline
functions, making it possible to compute its derivatives; the
second solution deals with the implementation of an UKF
algorithm, which does not need the model to be linearized.
Fig. 7 shows the UKF’s convergence region computed with
EKF’s same values. Checking both Fig. 6 and Fig. 7 it is
easy to note that they have a similar basin of attraction even
though, for small values of the step dimension 
d (e.g., the
one used in [15]), the UKF is characterized by a larger basin
of attraction.

C. Effect of the Measurements’ Density

To perform tests with real-world measurements it is neces-
sary to understand the effects of the step dimension 
d on the
estimation error, and if the minimum step that is physically
achievable in the laboratory allows to obtain good results.
To do this, a simulation on a fixed path (with a distance
between tags going from 5 cm up to 50 cm) is set up: the step
dimension is tested inside the interval [0.1, 5] cm producing,
consequently, a tag velocity spanning from 0.1 cm/s to 5 cm/s;
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Fig. 7. UKF’s distance estimate when using both RSSI and phase
measurements starting from different initial conditions.

Fig. 8. Normalized error trend as step dimension varies.

in order to minimize the randomness of the results, a total
of 400 simulations starting from the actual initial distance
are performed for each step dimension and their errors are
averaged; as the number of simulation steps differs among the
various tests because of the fixed length path, the error derived
by each test is normalized using the total number of steps.
Fig. 8 shows how the error per step decreases by decreasing
the step dimension, meaning that the only constraint on this
value depends on the ability to take measures with the real
equipment.

D. Fusing Instances

As explained in Section III, when running both an MHEKF
or MHUKF, there is the need to understand which running
instance is the one providing the best estimate. This is obtained
by considering the weight of each instance which is computed
according to Eqs. (12) and (20) for the MHEKF and the
MHUKF respectively. It is possible to work both in an offline
and online way: the first one consists of choosing the instance
that has the largest weight at the end of the simulation. On the
other hand, the online process is about comparing all weights
at each step and selecting the best one in order to produce an
estimated trajectory being the fusion of all instances results.
Fig. 9 shows both the EKF’s and UKF’s trajectories produced
by switching instances as suggested in Fig. 10. In this plot the
red line, the EKF, has a more jumping behavior compared to

Fig. 9. Final trajectory fusing best segments estimated by all the instances.

Fig. 10. Instance index selected in each step of the simulation reported in
Fig. 9.

the UKF, which instead is always closer to the ground truth,
and its jumps are not noticeable in this test.

E. Fused Trajectories Error

The test in Fig. 8 has been repeated considering the com-
plete MHEKF and MHUKF algorithms, showing how the step
dimension 
d influences the error per step. In this case, we
repeated 50 times the simulation for Fig. 9 with nf = 50
instances. Each instance has an initial condition taking value
inside the interval described by dmin = 0.01 m to dmax =
0.15 m, and standard deviations σd0 = (dmax − dmin)/nf /6,
σv0 = 10−2 m/s, σ
v = 10−4 m/s, σRSSI = 0.5 dBm and
σφ = 10◦. Comparing Figs. 8 and Fig. 11 it can be noted that
the error per step is generally lower in the former case, as the
trajectories used to compute the average have all the initial
conditions equal to the actual starting distance.

F. Trajectory With Piecewise Constant Slope

In this section, the developed algorithms are tested on a
slightly more complex trajectory made up of three piecewise
constant slope segments: the first one is similar to the trajec-
tory used so far, in which the tag probe moves away from
the fixed tag; the second segment has a zero velocity with the
tag stationary for some time; at last, the tag probe goes back
to the starting position moving slower than it did in the first
segment.



192 IEEE JOURNAL OF RADIO FREQUENCY IDENTIFICATION, VOL. 8, 2024

Fig. 11. Error per step as a function of the step dimension with the complete
MHEKF and MHUKF algorithms (and unknown initial condition).

Fig. 12. MHEKF and MHUKF estimated trajectories made up of segments
coming from the best instance at each time step.

Assuming that all instances have an initial condition inside
the interval spanning from dmin = 0.01 m to dmax = 0.2 m
and there are a total of nf = 200 instances, this last test is
performed using the following standard deviation values:

• σEKF
RSSI = σUKF

RSSI = 0.5 dBm,
• σEKF

φ = σUKF
φ = 10◦,

• σEKF
d0

= σUKF
d0

= (dmax − dmin)/nf /6,

• σEKF
v0

= 10−3 m/s,

• σUKF
v0

= 10−4 m/s,

• σEKF

v = 10−3 m/s,

• σUKF

v = 5 · 10−4 m/s.

Fig. 12 shows how the estimate evolves in time compared
to the ground truth. MHUKF has more difficulties in following
the correct trajectory when the velocity changes instanta-
neously at step k = 50 and stays constant for some time.

The best indexes that maximize (12) and (20) at each step
are depicted in Fig. 13. With such a trajectory, it is worth
noting that weights do not always give the best segments at
each time step. Fig. 14 represents the trajectory produced with
the best segments at each time step obtained during another
test (the jumps among instances are depicted in Fig. 15). Here
it can be seen that, right after the start of the descent, both
filters seem to diverge for some steps before returning to the
correct trajectory. On the other hand, Fig. 16 shows, for the
same test, the paths estimated by the instances whose weights

Fig. 13. Instance indexes that maximize weights at each time step.

Fig. 14. Example where the abrupt change in the velocity v yields large
estimation errors.

Fig. 15. Instance indexes selected in the simulation reported in Fig. 14.

are the highest at the end of the simulation, and, in this case,
the overall trajectories have no diverging problems.

V. EXPERIMENTAL TESTS

Some experiments with real measures have been performed
using the LabID UH105 as tags [24] and the Thing Magic
M6e with 6 dB gain circular polarized antenna as reader.
The experimental setup is shown in Fig.17: a sliding rod
having a submillimeter step moves the target tag placed over
a cardboard box while the probe tag is attached over a
styrofoam column. The system parameters are exactly the ones
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Fig. 16. Trajectory of the instance whose weight is the highest at the end
of the simulation.

Fig. 17. Experimental setup: (a) reader’s antenna; (b) probe tag; (c) target
tag; (d) sliding rod; (e) used tag.

Fig. 18. Comparison between RSSI measures and model.

considered in Section II to generate Figs. 3 and 4, in particular
the distance D0 between fixed tag and reader’s antenna is equal
to 1 m.

A. First Test

The first experiment consists of 25 measures taken with
a distance between tags spanning from 0.04 m up to 0.28
m. Figs. 18 and 19 show the comparison between the model
and the measures and they are, as expected, quite similar
but non exactly matching, due to imperfections in the model
characterization and experimental errors. Since the interaction
between the two tags dampens as the distance d between
the tags increases, we limited d to 30 cm because for larger
distances the RSSI and phase become little variable.

Running the algorithms on these data produces the results
plotted in Fig. 20. The values used for this test, for both
MHEKF and MHUKF, are:

Fig. 19. Comparison between phase measures and model.

Fig. 20. MHEKF and MHUKF estimated trajectory with real-world measures.

• dmin = 0.01 m,
• dmax = 0.2 m,
• nf = 50,
• σRSSI = 0.1 dBm,
• σφ = 0.2◦,
• σd0 = (dmax − dmin)/nf /6,
• σv0 = 3 · 10−4 m/s,
• σ
v = 3 · 10−5 m/s.
The trajectories obtained have errors per step equal to

eMHEKF
step = 8.58 mm and eUKF

step = 6.43 mm. The measures are
collected with a step dimension of 1 cm meaning that, taking
as a reference the plot in Fig. 11, the error per step obtained
with real values is about 1.5 times greater than the simulation
error.

B. Second Test

The second experimental test we propose is similar to the
simulation in Fig. 12, where the tag moves away from the
reader and then goes back to the initial position. As in the first
case, we have taken 25 measures with a step dimension of 1
cm from 0.04 m up to 0.28 m and 24 more from 0.27 m to
0.04 m, for a total of 49 measurements. Almost all parameters
are the same as in the previous case, except for σv0 and σ
v,
which now are respectively equal to 1 · 10−3 m/s and 3 · 10−3

m/s. Fig. 22 shows that both MHEKF and MHUFK have some
more difficulties in following the backward trajectory, but the
maximum error obtained by both algorithms is about 5 cm
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Fig. 21. Instance index selected by the MHEKF and the MHUKF with the
real-world measures.

Fig. 22. MHEKF and MHUKF estimated trajectory with real-world measures
when moving the tag back and forth.

Fig. 23. Instance index selected by the MHEKF and the MHUKF with the
real-world measures when moving the tag back and forth.

at step 26, that is when the trajectory changes direction. The
errors per step in this second experiment are 18.13 mm for the
MHEKF and 18.03 mm for the MHUKF. According to this
test, it is possible to observe that the filter is able to capture
the backward movement, even if the estimation error is larger
than the one observed in the forward motion.

VI. CONCLUSION

The problem of estimating the distance between two
tags in close relative motion has been considered in this

paper. A Multi-Hypotheses Extended and a Multi-Hypotheses
Unscented Kalman Filter have been used to solve the problem
by exploiting the measurement of the RSSI and of the phase
of the RFID signal backscattered by one of the tags. The short
distance introduces an electromagnetic coupling between the
antennas in such a way that the dependence of the RSSI and
of the phase on the distance is ambiguous and is described
through a complex model. The necessity of using Multi-
Hypotheses filters is motivated by the fact that the initial value
of the distance is assumed unknown and an EKF (or an UKF)
converges to the true distance only if it is initialized in a
small neighborhood of the true initial value. For this reason,
several EKF and UKF instances are initialized with different
initial conditions: the one with the largest agreement with
measurements is selected by the Multi-Hypotheses filter to
produce the correct distance estimate. It has been observed that
the convergence of the filter can be attained in general only if
using both RSSI and phases, which mitigate the ambiguity of
the measurements with respect to the distance and render the
system observable.

The main limits of the proposed approach mainly consist
in the necessity of performing a parameter tuning of the
model which, in this paper, has been performed a posteriori by
considering the best matching of the model with the measured
data. Additionally, some parameters in the algorithms, like
the standard deviation of the change in the velocity, should
be properly calibrated on a rough knowledge of the expected
tag motion (e.g., maximum expected acceleration) to obtain
satisfactory performances. In a future work, some of these
physical and algorithmic parameters could be estimated by,
e.g., enlarging the set of possible hypotheses or tuned by
resorting to some adaptive rule. Finally, in this paper, a
unidimensional problem has been addressed. In future works,
more general motions can be considered.
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