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Abstract—RFID sensing leveraging backscatter signal features
(e.g., phase shift) from tags has gained increasing popularity in
numerous applications but also suffers from negative impacts of
environmental multipaths. Past works to address it rely on extra
customized devices, labor-intensive offline training, or frequency
channel hopping, all of which are non-ubiquitous or ineffective
for real-life adoption. This article presents RoSense, a universal
method to alleviate multipath reflections’ impacts by spinning
the reader antenna, thus enabling more robust RFID sensing.
Besides, RoSense requires no RF devices or offline training and
operates in a nonintrusive manner. The key insight of RoSense is
to exploit two properties of line-of-sight (LOS) signal when spin-
ning the antenna, i.e., the linearity of phase changes and stability of
received signal strength to attenuate the nonlinear and nonmono-
tonic effect of multipath signals and refine the phase shift of LOS
signal. We have implemented a prototype of RoSense with COTS
devices and studied two cases for evaluation: 1) material iden-
tification and 2) object localization. Experimental results show
that RoSense can improve the material identification accuracy
by up to 16.22% and reduce the mean localization error by up
to 39.93%, greatly outperforming the state-of-the-art solutions.

Index Terms—Antenna polarization, line-of-sight (LOS) signal
phase refinement, multipath reflections, RFID sensing.

I. INTRODUCTION

BEYOND identification function, RFID technology has
shown its potential as battery-free, low-cost, and small-

sized sensors to enable ubiquitous sensing applications, such
as object localization and tracking [1], [2], material classi-
fication [3], items ordering [4], [5], spinning and vibration
inspection [6], [7], and temperature and moisture measure-
ment [8], [9]. The underlining rationale of these systems is
generally leveraging the changes of backscatter signal fea-
tures, typically received signal strength (RSS) and phase shift
affected by targeted objects or events to retrodict them. Due
to the low resolution of coarse-grained RSS measurement,
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Fig. 1. Multipath effect on LOS backscatter signal.

the phase shift is much more frequently harnessed for sens-
ing [10]. However, the multipath effect mainly induced by
environmental reflections from obstacles has always been a
critical problem that limits the robustness of existing RFID
sensing systems [10]–[12]. The phase readings of line-of-sight
(LOS) signal are easily affected by these reflected multipath
signals (see Fig. 1), yielding low accuracies and large errors
of sensing results.

Most works to address this problem require either extra
customized RF devices (e.g., software-defined radios) for
physical-layer signal processing [13], [14], which is incom-
patible with existing RFID infrastructure and incurs high
deployment, operation, and maintenance overhead, or offline
training to learn multipath profiles [15], [16], which is time
consuming with a significant amount of human effort and
always not cross-domain with little transferability to a new
environment. The state-of-the-art work CPIX [17] is the only
universal approach that exploits frequency channel hopping to
cleanse the signal phase. Nevertheless, CPIX still has a lot
of limitations, e.g., limited and unstable accuracy improve-
ment, high time delay, and also incapability when the tag’s
impedance changes irregularly. To the best of our knowledge,
such a ubiquitous solution that could effectively defend against
multipaths still does not exist.

In this article, we present a more universal and effective
method, namely RoSense that refines the LOS signal phase
via spinning the reader antenna. Moreover, RoSense requires
no extra RF devices, offline training, or modifications to EPC
Gen2 standard [18] and operates in a nonintrusive manner.
The basic idea is that the phase readings of the LOS signal
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shall linearly change with the spinning angles ideally in a
multipath-free environment, but slightly deviate from linear
trends in a multipath-prevalent environment because the effect
of multipath signals changes nonlinearly and nonmonotoni-
cally. Similarly, RSS readings shall remain unchanged ideally
when spinning, but fluctuate within a small range due to mul-
tipaths. Accordingly, we can exploit the linearity of phase
changes and stability of RSS to jointly refine the LOS signal
phase via optimization algorithms. First, we conduct weighted
linear regression on the collected phase vector after spinning.
Then, we exploit the corresponding RSS vector to calibrate the
possible intercept drift in linear regression. After calibration,
the refined phase is obtained. Further for real-time spinning,
we address the practical problem of nonuniform sampling and
prove an upper bound of performance loss as compared to
fixed-interval spinning. In this way, many existing sensing
systems can harvest benefits, if only RoSense acts as mid-
dleware and the refined phase readings after processing are
inputted to these systems. To evaluate RoSense, we study
two applications: 1) nonintrusive material identification and 2)
anchor-free object localization. Experimental results demon-
strate that RoSense can achieve around 16.22% improvement
of material identification accuracy and 17.52%–39.93% reduc-
tion of localization error, which significantly outperforms
CPIX. Note that RoSense only needs a commercial off-the-
shelf (COTS) mechanical spin axis that is common to find,
nonintrusive and low-cost as compared to customized RF
devices like USRPs, and thus our method is more universal
and practical.

Contributions: In summary, our contributions are threefold
as follows.

1) We propose a more ubiquitous and effective method,
namely RoSense to refine the LOS signal phase under
multipaths and enable robust RFID sensing, without
requiring any extra RF devices or offline training.

2) To the best of our knowledge, RoSense is the first
to push forward two properties of LOS signal under
antenna spinning and analyze the effects of multipath
signals, based on the generalized phase model we pro-
pose. Besides, RoSense is universal for almost all types
of passive tags.

3) We implement a prototype of RoSense and study two
cases for evaluation. Experimental results demonstrate
that our method can remarkably decrease the error of
object localization and increase the accuracy of material
identification, significantly outperforming the state-of-
the-art solutions.

The remainder of this article is organized as follows.
Section II introduces the background of RFID sensing and
multipath effect. Section III elaborates our methodology mech-
anism and the details of system design. Section IV prototypes
RoSense and Section V comprehensively evaluates it through
extensive experiments. Section VI overviews the related works
and their limitations. We conclude our work in Section VII.

II. PRELIMINARY

A COTS RFID reader can generally collect around 60–87
samples per second, determined by the backscatter link

frequency (BLF) and reader modes. For each sample, the
reader can provide a series of tag’s backscatter signal fea-
tures, including RSS, phase shift, and Doppler frequency shift
(DFS), along with the corresponding timestamps. We retro-
spect how these signal features are related to the sensing
targets as follows.

RSS: The reported RSS (denoted as P) has a low resolution
of only 0.5 dBm and can be expressed as

P = 10 lg
P0G2

r G2
t Lλ4

(4πd)4
(1)

where d refers to the antenna–tag distance and λ is the wave-
length of the RFID signal. Gr and Gt denote the antenna gain
of reader and tag, respectively. P0 denotes the transmission
power of the reader antenna and L is a constant representing
the transmission loss. Although RSS is related to many fac-
tors like antenna–tag distance and can be used for localization
theoretically speaking [19], L is easily affected by the envi-
ronment. A low measurement resolution leads to a large error.
Hence, RSS is not suitable for fine-grained RFID sensing.

Phase: The reported phase shift (denoted as φ) has a rel-
atively high resolution of (2π/4096) ≈ 0.00153 rad and can
be described by the following expression:

φ =
(

4π

λ
d + φo + φR + φT

)
mod 2π (2)

where φR and φT denote the phase shifts induced by the reader
and tag’s hardware, respectively. φo denotes the phase shift
introduced by the relative orientation of the reader antenna and
tag (detailedly explained in Section III-A). Hence, phase shift
owns the capability of not only fine-grained localization [1],
orientation detection [20] but also hardware-related sensing
like material identification [3]. So, the phase shift is more
frequently harnessed for sensing as compared to RSS.

DFS: The reported DFS (denoted as Fm) is actually deter-
mined by the phase rotation �φ across a packet [21]. The
relationship is as follows:

�φ = |Fm · 4π�T| (3)

where �T denotes the packet duration which is related to BLF.
Few works utilize DFS because it is not directly related to
the sensed target, whereas �φ indeed reflects the multipath
conditions and can render a confidence estimation of φ. So
this article innovatively leverages DFS in Section III-D.

Consistency: In multipath conditions, the variances of RSS,
phase shift, and DFS should consist of each other. That is, if
one feature fluctuates violently, the other features would not be
stable likewise. To verify this, we fix a reader antenna and a tag
at certain locations and collect the tag’s signal features, in the
clean and multipath environment, respectively. Fig. 2 depicts
the measurement results. We can get two observations. First,
the consistency holds and the variances under multipath (e.g.,
5.884 rad of phase and 27.5 dBm of RSS) are much larger
than those in the clean environment (e.g., 0.055 rad of phase
and 0.5 dBm of RSS). The impact of multipath is severe and
nonnegligible. Second, the amount of DFS can indeed help
distinguish multipath environment, e.g., DFS under multipath
reaches 250.625 Hz whereas that in the clean environment is
less than 15.438 Hz. This consistency serves for Section III-C.
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(a) (b)

Fig. 2. Consistency of signal features. (a) Clean environment. (b) Multipath
environment.

Fig. 3. System overview of RoSense.

III. SYSTEM DESIGN

Fig. 3 depicts the system overview of RoSense. By spinning
the reader antenna, we can obtain the vectors of signal features
for LOS signal phase refinement. The workflow of RoSense
contains two steps: 1) phase vector regression and 2) intercept
drift calibration. We introduce the technical details as follows.

A. Mechanism of RoSense

As is well known, different antenna types of tags have dis-
tinct polarization modes, e.g., Alien AZ-9662 tags are linearly
polarized, ImpinJ H47 tags are dual-linearly polarized, and
ImpinJ L27D tags are circularly polarized [22], [23]. Even so,
we can abstract a dual-linearly polarized or circularly polarized
antenna to two orthogonal linearly polarized antennas [24].

Fig. 4 shows the practical propagation of RFID signals and
we first analyze the LOS backscatter signal SR→T→R. Suppose
the transmitted signal of reader is

SR(t) = v · cos(2π ft − φR)+ u · sin(2π ft − φR) (4)

where u and v denote the unit vectors of the reader’s two
orthogonal polarized directions, φR denotes the phase shift
induced by reader circuits, and f is the communication
frequency.

Then, we can model the tag’s received signal as

SR→T (t)

= p · SR(t − tR→T − tT)+ q · SR(t − tR→T − tT)

= |p| cos(2π ft − φR − φd − φT − α)

+ |q| sin(2π ft − φR − φd − φT − α)

=
√

p2 + q2 cos

(
2π ft − φR − φd − φT − α − arctan

q

p

)

(5)

Fig. 4. Propagation of RFID signals.

(a) (b)

Fig. 5. Experimental verification of LOS signal’s properties. (a) Linearity
of phase changes. (b) Stability of RSS.

where q and p denote the unit vectors of the tag’s two
orthogonal polarized directions (q does not exist for linearly
polarized tag), and φd and φT denote the phase shifts induced
by reader–tag distance and tag hardware, respectively. α is the
intersection angle between v and p.

Accordingly, the tag’s LOS backscatter signal received by
the reader can be described as

SR→T→R(t)

=
√

p2 + q2 cos

(
2π ft − 2φd − φR − φT − 2α − arctan

q

p

)

(6)

and the total phase shift is φ = 2φd +φR +φT +2α+arctan q
p .

Based on this, we can get two properties of SR→T→R if we
spin the reader antenna around its center, in a fixed spinning
plane orthogonal to the spinning shaft.

1) Linearity of Phase Changes: When spinning the reader
antenna with a uniform speed, the intersection angle α
and thus the phase shift φ would change linearly.

2) Stability of RSS: The amplitude of the LOS signal should
not change with α. Hence, the RSS would remain stable
when spinning the antenna.

To verify the above properties, we conduct empirical studies
using a COTS ImpinJ R420 reader [22] and tags with three
different models (AZ9662, H47, and L27D) in an open area
with wave-absorbing material deployed. Fig. 5 demonstrates
that the two properties are applicable to various tag models,
even if their polarization types are different. This also indicates
that our proposed phase model is more universal and advanced
than past ones [25], [26].

Next, we consider the practical effects of multipath signals
(e.g., SR→T→O1→R) reflected by surrounding obstacles. The
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(a) (b)

Fig. 6. Multipath effect on LOS signal. (a) Superposition of signals. (b) Phase
shifts’ relationship.

combination of multipath signals can be approximated as

SM(t) ≈
N∑

i=1

(
SR→Oi→T→R(t)+ SR→T→Oi→R(t)

)

=
N∑

i=1

2
√

p2 + q2ηi cos(βi − α) cos(2π ft − δi) (7)

where δi = 2φROiTR + φR + φT + φOi + α + βi + arctan(q/p).
ηi is the attenuation coefficient of obstacle Oi and βi is the
intersection angle between main direction of Oi and p. φROiTR

and φOi refer to the phase shifts induced by the distance of
the ith propagation path and reflection of Oi, respectively.
The signals after multi-reflections can be negligible due to the
large amplitude attenuation, as compared to the LOS signal.

The RSS and phase readings reported by a commercial
reader (denoted by P and θ ) are collected from the superpo-
sition of the LOS signal and combined multipath signal [see
Fig. 6(b)]. So we can obtain the following relationships:

|φ − θ | = arcsin

(√
PM

P
sin|φ − ψ |

)
(8)

√
PLOS

P
= sin(θ − ψ)

sin(φ − ψ)
. (9)

Here, PLOS and PM denote the RSS of the LOS signal
and multipath signal, respectively, ψ denotes the combined
multipath signal phase. From (7), we can prove that both
PM and ψ change nonlinearly with α (see the Appendix).
PM also changes nonmonotonically. Besides, their changing
tendencies in one period are evidently inconsistent. Thus,
|φ − θ | would change nonlinearly and nonmonotonically like-
wise when spinning the antenna, in terms of (8). Further,
sin(θ − ψ)/sin(φ − ψ) in (9) would also fluctuate within a
small range around 1, incurring the instability of P. Therefore,
we can exploit our proposed two properties of the LOS signal:
linearity of phase changes and stability of RSS to allevi-
ate multipath reflections’ impacts and refine φ. The specific
procedure is elaborated in the following sections.

B. Phase Vector Regression

We first consider the fixed-interval spinning scenario, i.e.,
spinning the reader antenna with a fixed step of �α and
collecting signal features at each spinning angle.

After antenna spinning and phase unwrapping based on
the monotonicity, we can obtain a vector of average phases
� = {θ̂1, θ̂2, . . . , θ̂M}, where θ̂k is the average phase at the kth

spinning angle and M is spinning angles’ quantity. Then, we
utilize the linear regression method to fit � into a line, whose
gradient is a known constant 2�α in terms of (6)

b∗ = arg min
b

M∑
k=1

ωk ·
(

2�α · k + b − θ̂k

)2

=
M∑

k=1
ωk ·

(
θ̂k − 2�α · k

)
(10)

where b∗ denotes the intercept of the fitting line. ωk is a weight
reflecting the confidence level of θ̂k, specifically defined as

ωk = μk/

M∑
L=1

μL, μk = 1 − 1

2π

√√√√√
Uk∑
j=1

(
θk,j − θ̂k

)2
/Uk (11)

where Uk and θk,j denote the reading times and unwrapped
phase of the jth reading, respectively, at the kth spinning angle.
This means that the spinning angle with a smaller phase vari-
ance would be assigned a larger weight in linear regression.
This is reasonable since smaller phase variance reflects cleaner
signal features collected at this angle.

After the regression, we can greatly alleviate multipath
effects due to the first property in Section III-A, whereas the
obtained intercept b∗ could still contain some drift incurred
by uncertain environmental noises. Next, we utilize RSS for
further refinement.

C. Intercept Drift Calibration

After spinning antenna, we can also obtain a vector of aver-
age RSS ϒ = {P̂1, P̂2, . . . , P̂M}. Then, we consider to match
the phase error with the RSS error at the same angle and thus
calibrate the possible intercept drift �b (within an empirical
threshold ε), according to the second property in Section III-A
and the consistency in Section II. That is

�b∗ = arg min
−ε≤�b≤ε

max
1≤k≤M

⎧⎪⎨
⎪⎩

∣∣∣2�α · k + b∗ +�b − θ̂k

∣∣∣∣∣∣P̂k −∑M
L=1 γLP̂L

∣∣∣σ
⎫⎪⎬
⎪⎭ (12)

where σ is an empirical parameter for normalization and γk

is a weight reflecting the confidence level of P̂k, defined as

γk = μ̃k/

M∑
L=1

μ̃L, μ̃k = 1 −

√√√√√
Uk∑
j=1

(
Pk,j − P̂k

)2
/Uk (13)

where Pk,j denotes the reported RSS of the jth reading at
the kth spinning angle. This means the spinning angle with
a smaller RSS variance would be assigned a larger weight
in the calculation of average ϒ . We can transform (12) into
another formulation

�b∗ = arg min
ζ≥0

ζ

s.t. −ε ≤ �b ≤ ε

−ζ ≤ 2�α · k + b∗ +�b − θ̂k(
Pk −∑M

k=1 γkPk

)σ ≤ ζ,∀k (14)
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Fig. 7. LOS signal phase refinement under multipaths.

Fig. 8. Refined phase error versus (ε, σ ).

where �b and ζ are variables to optimize. Afterward, we can
solve (14) using the linear programming (LP) method and
obtain �b∗.

After the calibration, 2�α · k + b∗ +�b∗ is treated as the
refined phase shift of LOS signal at the kth spinning angle and
inputted to existing RFID sensing systems. Here, we illustrate
an example in Fig. 7, where the ground truth of LOS signal
phases is obtained in the same environment as Fig. 5, and
we deploy some obstacles around to construct a multipath-
prevalent scenario and collect the phase readings. We can
find that the maximum difference between collected phase and
ground truth reaches 1.820 rad, but degraded to only 0.308 rad
after phase vector regression. By intercept drift calibration, the
difference is further reduced to ≤0.107 rad. These results all
demonstrate the potency of our method and many RFID sens-
ing systems can benefit from it. Taking object localization as
an instance, if the phase measurement error can be reduced
from 1.820 to 0.107 rad, the distance error could be declined
by nearly 20×.

Besides, we study the effects of empirical parameters ε and
σ , respectively. As sketched in Fig. 8, on the one hand, the
phase error decreases initially with the increasing σ and grows
later when σ ≥ 5. This is reasonable because a small σ may
degrade the capability of intercept drift calibration whereas
a large σ may overly rely on the function of RSS. Only a
moderate σ can achieve the optimal performance. On the other
hand, very small ε yields limitations for the available range
of �b and the performance is basically stable when ε > 0.5
because the optimal �b may probably be found within a range
of ε ≤ 0.5. Therefore, we recommend users to choose σ ∈
[1, 2] and ε ∈ [0.4, 0.6] for better performance.

In addition, we investigate the effect of used weights ω and
γ in our scheme. From Fig. 9, we can find that even though
our scheme can work without the weights (i.e., weight values

Fig. 9. Refined phase error under different weights.

equal to each other), leveraging the weights can help reduce
the median error of the refined phase by 0.069 rad.

D. Real-Time Spinning

Next, we extend our scheme to the real-time spinning
scenario with a constant spinning speed νs. Different from
fixed-interval spinning, the step �α is not a constant because
the commodity tags adopt the random backoff mechanism [27]
and thus the readings of signal features are not uniform.
Due to this “nonuniform sampling” phenomenon, our above
scheme cannot directly apply to the real-time spinning sce-
nario. Fortunately, the arrival time of the backscatter signal
(i.e., timestamp) is reported by the COTS reader for each
sample. Let � = {τ1, τ2, . . . , τM} denote the timestamps of
M collected samples and τ0 denote the starting time of spin-
ning. The corresponding spinning angle of the kth sample is
νs · (τk − τ0).

However, there remains another problem: the weights in
Sections III-B and III-C need multiple samples (at least two
samples) for calculation. For a single sample, it is hard to
measure the confidence level of phase and RSS. Otherwise,
the regression and calibration without weights probably incur
performance loss. Here, we develop DFS to address it, accord-
ing to the consistency in Section II. We divide DFS values into
11 ranks: |Fm| ≤ 10, 10 < |Fm| ≤ 20, 20 < |Fm| ≤ 30, . . .,
90 < |Fm| ≤ 100, |Fm| > 100, and the corresponding weights
are 1, 0.9, 0.8, . . . , 0.1, 0.

Then, the procedure of phase vector regression could be
modified as

b∗ =
M∑

k=1

χk ·
(
θ̂k − 2νs · (τk − τ0)

)
(15)

where χk is the weight of the kth angle derived from DFS
rank.

Similarly, by leveraging the same weight χk, the procedure
of intercept drift calibration could be modified as

�b∗ = arg min
−ε≤�b≤ε

max
1≤k≤M

⎧⎪⎨
⎪⎩

∣∣∣2νs · (τk − τ0)+ b∗ +�b − θ̂k

∣∣∣∣∣∣P̂k −∑M
L=1 χkP̂L

∣∣∣σ
⎫⎪⎬
⎪⎭
(16)

and we can use the LP method to solve it likewise.
To verify the function of χ , we exploit DFS readings col-

lected from experiments in Fig. 7 to compute DFS-based
weight χ . Then, we use χ to obtain the refined phase, instead
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of the weights ω and γ . Fig. 9 gives the performance com-
parison between different weights. Compared to the result
without any weights, using χ can reduce the median error
of the refined phase by 0.011 rad. However, it cannot reach
the performance of using ω and γ , with 0.058 rad disparity.
Actually, the performance loss from fixed-interval spinning
to real-time spinning inevitably exists. Besides weight fac-
tor, the possible speed error [denoted by ρ(νs)] also increases
the refined phase error. To specifically measure how much
performance loss from fixed-interval spinning to real-time
spinning, below we calculate the theoretical error gap between
them. If the error gap is bounded by a threshold, we can thus
infer the performance of real-time performance from that of
fixed-interval performance.

First, the error of spinning angle is |ρ(νs) · (τk − τ0)| for
the kth sample and that of b∗ is |ρ(νs) · 2

∑M
k=1 χk(τk − τ0)| in

terms of (15). Accordingly, the phase error gap after regression
is totally |2ρ(νs)(τM − τ0)+ 2ρ(νs)

∑M
k=1 χk(τk − τ0)|, which

is less than |2ρ(νs)((τM − τ0)+∑M
k=1 (τk − τ0))| since the

weight satisfies χk ≤ 1, ∀k. Second, the phase error gap can be
described as |2(ρ(νs)/νs) · νs((τM − τ0)+∑M

k=1 (τk − τ0))| ≤
2|ρ(νs)/νs| · |νs((τM − τ0)+∑M

k=1 (τk − τ0))|, where
(ρ(νs)/νs) is the relative error of spinning speed.
Due to that one-round spinning is sufficient for
our scheme, we have |νs(τM − τ0)| ≤ 2π . Thus,
|νs((τM − τ0)+∑M

k=1 (τk − τ0))| ≤ 2(M + 1)π because
of τk ≤ τM,∀k. Accordingly, the phase error gap after
regression is less than 4π(M + 1)|ρ(νs)/νs|. Third, the
calibration would decrease the error gap, since using the LP
method can find the globally optimal �b∗ and �b = 0 is one
of the feasible solutions. Using the proof by contradiction,
the conclusion can be readily derived.

Therefore, the error gap of refined phase between real-
time spinning and fixed-interval spinning would not exceed
4π(M +1)|ρ(νs)/νs|. That is, the theoretically upper bound of
performance loss is 4π(M+1)|ρ(νs)/νs| for real-time spinning
as compared to fixed-interval spinning. For example, if the
relative error of spinning speed is 0.1% and the samples’ quan-
tities are 12, the upper bound is 0.163 rad which is acceptable
for most applications. By selecting an efficient electric shaft
to decrease |ρ(νs)/νs| and accelerating the spinning/declining
the sampling rate to decrease the collected samples’ quantities
M, the upper bound can be further reduced.

E. Practical Issues

We discuss some issues to deploy RoSense in practical
RFID applications from four aspects.

Feasibility: The size and weight of a spin shaft are much
smaller than a commercial RFID reader antenna, with little
impact on equipment setup. Also, a spin shaft is not costly as
compared to RFID infrastructures. Besides, the reader antenna
is always deployed on the ceiling in the industrial IoT envi-
ronment such as warehouse [9]. The spinning antenna is far
from people working in the area, with little risk of injury.
Reference [28] also spins the reader antenna and verifies the
feasibility.

Fig. 10. Experimental setup for two cases of RFID sensing.

3-D Scene: The signal propagation, including LOS and mul-
tipaths, takes place in 3-D space and RoSense is applicable to
3-D scenes. We should emphasize that our method does not
require the RFID tag and the reader antenna to be perfectly
aligned (see our experiment setup in Section IV). As long as
the spinning plane of the reader antenna is fixed, two properties
of the LOS signal will hold and RoSense can work.

Ubiquity: We should emphasize the difference between
customized RF devices and our mechanical spin axis. The dis-
advantages of customized RF devices like USRP contain not
only extra device costs but also the incompatibility with exist-
ing RFID infrastructure and low ubiquity for numerous RFID
applications. As mentioned in [2], non-commodity RF prod-
ucts make a slow adoption and complex deployment. This is
recognized by the research community on RFID sensing [12].
Different from that, a mechanical spin axis is COTS, common
to find and nonintrusive. Wang et al. [28] also indicated this
point. So we think our method is much more ubiquitous.

Application Scope: Though environmental reflections are
the most common multipath phenomena that RoSense mainly
focuses on, RoSense can always work as long as the LOS
signal exists, no matter the circumstances are reflections or
diffractions because the basic idea of RoSense is to exploit
two properties of LOS signal during antenna spinning. Despite
this, if the LOS signal is nonexistent (e.g., blocked by obsta-
cles), our method will also lose efficacy. Moreover, similar to
CPIX [17], RoSense is aimed at sensing cases with station-
ary tags (e.g., localization) and cannot be directly applied to
moving tags’ cases (e.g., tracking) due to the spinning latency.
We will take further studies to extend the application scope of
RoSense in our future work.

IV. SYSTEM IMPLEMENTATION

We implement a prototype of RoSense with COTS
devices and evaluate it in two cases: 1) nonintrusive
material identification using Tagtag [3] and 2) anchor-free
object localization using BackPos [1]. The employed hard-
ware contains one ImpinJ Speedway R420 RFID reader
with E9028PCRNF/Laird S9028PCL/Alien ALR8698 anten-
nas [23], [29] and Alien AZ-9662/ImpinJ H47/ImpinJ L27D
tags [22], [23], all operating at the UHF band of 920.625–
924.375 MHz. The reader is connected to our ThinkPad L490
laptop (i7-8565U CPU and 16G memory) through low-level
reader protocol (LLRP) [30]. The software, including signal
features collection and our algorithms for phase refinement, is
implemented using Java and MATLAB.
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The experimental setup for two cases is shown in Fig. 10,
where the ground truth of object localization is measured using
a laser range finder and that of material identification is labeled
in advance. A commodity mechanical spin shaft on the antenna
holder is used for spinning the reader antenna. Here, we only
implement the fixed-interval spinning since the performance
loss of real-time spinning is bounded and we can infer it from
the performance of fixed-interval spinning. At each spinning
angle, we collect signal features for no more than 1 s. After
the procedure of RoSense, the refined phases of all antennas
at the same initial angle are inputted to BackPos and Tagtag
for sensing, if more than one antenna is employed (generally
BackPos requires four antennas).

For comparison, we also implement the state-of-the-art work
CPIX [17] and baseline scheme (i.e., using original unrefined
phases as inputs) on BackPos and Tagtag, respectively. Below
we introduce the details of them.

Tagtag [3]: From phase readings before/after a tag is
attached to the target, we can extract impedance-related phase
change as the material pattern. Besides, by using RSS and
frequency channel hopping, the effects of tag–reader distance
and rotations can be removed. Finally, we compare the mate-
rial pattern with the fingerprint database and thus identify the
target’s material type.

BackPos [1]: For every two antennas, the differential phase
can reflect the distance gap between two tag–antenna pairs,
and thus a hyperbola can be obtained. The intersections of
each three hyperbolas are the candidates of the tag’s loca-
tion. By using four antennas, we can construct two groups of
intersections and find the nearest two points. Finally, the aver-
age location of these two points is regarded as the localization
result.

CPIX [17]: This is a method to cleanse the phase. We
employ the reader to exploit frequency channel hopping with
a step of 0.25 MHz and collect signal features on 16 channels.
By fitting the collected phases on all channels into a straight
line, the obtained phase on each channel is regarded as the
cleansed phase.

The specific evaluation and in-depth discussions are
presented in the following section.

V. EVALUATION

We conduct the performance evaluation of RoSense in
our lab environment (see Fig. 10). Besides the overall
performance, we also study the impacts of environmental
factors, device conditions, and reader configurations on our
method to examine the robustness.

A. Case I (Material Identification)

We choose ten different types of materials for experiments,
whereas it is hard to receive signals when tagged on metal
and liquid materials, and only six types of them are applicable:
1) carton; 2) foam; 3) cotton; 4) ceramic; 5) glass; and 6) plas-
tic. Fig. 11 shows the average identification accuracy of each
material. We can find that Tagtag is vulnerable to multipaths
and its accuracy would drop down to 70.71%. RoSense can
improve the overall accuracy by 11.74% (relatively 16.22%),

Fig. 11. Performance of material identification.

Fig. 12. Performance of object localization.

greatly outperforming CPIX by 8.3×. Besides, RoSense is
available for all materials and CPIX would even impair the
performance in ceramic and glass cases. There are probably
two reasons: 1) the phase shift may not regularly change with
frequency channels when tags are bent (e.g., tagged on a glass
cup) and 2) the phase cleansing procedure of CPIX is coarse
without mechanism support. Among all materials, the accuracy
improvement of RoSense can reach 15.96% and that of CPIX
is up to 2.49%, which indicates the significant superiority of
RoSense. Moreover, a larger number of spinning angles M
could further promote the performance to a certain degree. For
instance, spinning eight angles (�α = 45◦) can achieve higher
accuracy than that of spinning four angles (�α = 90◦) by
2.94%. This is reasonable since more angles would engender
more precise regression and calibration. Fig. 13(a) demon-
strates that one material features at a certain channel under
terrible multipaths. We can see that the evident variance can
reach 4.268 rad within the 2π range, and it can be reduced
by 72.21% using RoSense and only 21.33% using CPIX.
Actually, the variance using CPIX only descends to 3.357
rad and the material feature is still not stable. Therefore, it
is much more effective to use RoSense for phase refinement
as compared to CPIX.

B. Case II (Object Localization)

We leverage four reader antennas with known coordinates
for object localization, where the y-axis distance from antenna
to tag is fixed in each experiment. BackPos is used to compute
the tag’s X- and Z-coordinates and obtain the positioning error.
From Fig. 12, we can find that BackPos’s mean error can
be enlarged up to 28.51 cm under multipaths. Our method
RoSense can help reduce the positioning error to 17.12 cm.
As compared to CPIX, RoSense can achieve a much larger
reduction of error by nearly 5.9×. Besides, RoSense maintains
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(a) (b)

Fig. 13. Experimental results of material feature and differential phase. (a)
Material feature distribution on one channel. (b) Differential phase distribution
of two antennas.

Fig. 14. Performance under environments w/o and w/ human mobility.
(a) Distribution of material identification accuracy gain. (b) Distribution of
positioning error reduction.

a high performance under different y-axis distances, whereas
the effect of CPIX is attenuated with the increasing distance,
probably due to that larger distance incurs a worse fitting error
in CPIX. This also proves that RoSense can work effectively
wherever the tag is located, but CPIX fails. Further, Fig. 13(b)
reveals a distribution of two antennas’ differential phase at a
certain position. We can notice that RoSense helps reduce the
wide variance of differential phase by 74.84%, whereas the
reduction using CPIX is only 10.52%. Moreover, there exists a
certain possibility that CPIX may enlarge the variance instead.
Hence, using RoSense is much more reliable.

C. Impact of Environments With Human Mobility

Like [17], we evaluate the robustness of our method in the
environment with human mobility. To construct such an envi-
ronment, we let a person randomly walk nearby our setup.
Fig. 14 shows the accuracy gain of material identification and
error reduction of object localization (as compared to base-
line schemes), where the sign with or without “+” means
whether the evaluation is under human mobility or not. We can
have two observations. On the one hand, RoSense can always
benefit the sensing performance (e.g., by 5.07–12.19 cm for
localization). The positioning errors using RoSense can even
approach the results measured in a low multipath environ-
ment. On the other hand, the CDF curves of RoSense and
RoSense+ are similar to each other. For example, the proba-
bility of over 10 cm localization error reduction under human
mobility is around 70.0%, only with a 4.3% drop from that
under no human mobility. Meanwhile, the results of CPIX evi-
dently stray away from each other. Even worse, CPIX under
human mobility may impair the performance for some sam-
ples, in both material identification and object localization.
This indicates that RoSense is more robust to human mobil-
ity as compared to CPIX. That is, RoSense can work under

(a) (b)

Fig. 15. Localization results under different deployment angles (differ-
ent positions). (a) Positioning using baseline scheme. (b) Positioning using
RoSense.

both stationary and mobile multipaths. In addition, we can
find that though the person’s walking speed determines mobile
multipath conditions, it does not affect the performance of
RoSense as long as the LOS signal exists. This also indicates
the versatility of RoSense under different multipath conditions.

D. Impact of Deployment Angle

As mentioned in [10], when the tag situates at different
positions in the receiving beam of the reader antenna, the cor-
responding “deployment angle” is different and may affect the
sensing performance. So we change the tag’s position along
the x-axis and z-axis for evaluation, where the zero points
of the x-axis and z-axis refer to the antennas’ midpoint and
height, respectively. Fig. 15 shows the obtained localization
results in the X–Z plane. In Fig. 15(a), we can find that the
localization error is smaller on the positions closer to the cen-
ter, i.e., smaller deployment angle. For example, the mean
error of point (0, −0.3) is 9.21 cm less than that of point
(−0.4, −0.3). Also, the mean error of point (−0.4, −0.3) is
similar to that of (0.4, −0.3) due to the symmetry, i.e., the
same deployment angle. This phenomenon reveals that the
multipath conditions at different deployment angles are differ-
ent and a large deployment angle probably incurs more severe
multipaths. After the procedure of RoSense in Fig. 15(b), the
messy localization results become to gather nearby the ground
truth. Besides, the localization error on the edge is reduced to
approach the error on the center, e.g., the gap between the
mean error of point (−0.4, −0.3) and point (0, −0.3) is only
1.24 cm. Actually, the error reduction on the edge is more
evident than that on the center. To summarize, by leverag-
ing RoSense, we can localize the tags at different deployment
angles with high precision.

E. Impact of Device Diversity

Device diversity is also a critical factor affecting the signal
phase [31]. First, we examine the effect of RoSense on three
tag models with different polarization types (see Fig. 16). Note
that these three polarization types can cover almost all tags’
polarization types [24] and the working mechanism of our
method is based on tags’ inherent polarization properties (see
Section III-A). Accordingly, the sensing performance on these
three tag models can testify to the universality of RoSense to
a large extent. From Table I, we can observe that RoSense can
achieve fine performance gain on all tag models. The gain on
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Fig. 16. Tested devices.

TABLE I
PERFORMANCE ON DIFFERENT TAG TYPES

TABLE II
PERFORMANCE ON DIFFERENT READER ANTENNA TYPES

linearly polarized (AZ9662) or dual-linearly polarized (H47)
tags is a little larger than that on circularly polarized (L27D)
tags. For example, the mean reduction of localization error
on H47 tags is 3.84 cm greater than that on L27D tags. This
is probably because the communication capability of circu-
larly polarized tags is lower than the others. Then, we fix the
tag model H47 and evaluate RoSense on three reader antenna
models. This article only considers the common reader antenna
models which are circularly polarized [24], and these three
antennas are typical ones. Table II gives the results. We notice
that the performance gap between different antenna models is
slight, e.g., only 0.84 cm in localization. This is reasonable
since whatever the antenna type is, the hardware noise would
not affect the two properties leveraged in RoSense. Besides,
the algorithms in Tagtag and BackPos have removed a part of
the devices’ impact. In summary, our method is universal for
diverse tags and reader antennas.

F. Impact of Tag’s Orientation

Below we evaluate the effect of the tag’s orientation.
Fig. 17(a) demonstrates the CDF curves of localization error
reduction under distinct tag’s orientation 0◦, 45◦, 90◦, and
180◦. We can find that the CDF curves are very close to
each other, where the mean error reduction is 11.09, 11.66,
11.15, and 11.40 cm. This is reasonable since our two proper-
ties in Section III-A are independent of the tag’s orientation.
In practice, the phase is determined by the relative orienta-
tion of the tag and reader antenna. When spinning the reader
antenna over 2π angles, only the sequence of phase vectors
will translate with the tag’s orientation. The sequence transla-
tion of elements in phase vector regression will not affect the
fitting result. Therefore, RoSense can work regardless of the
tag’s orientation.

G. Impact of Frequency Channel

We evaluate RoSense under four frequency channels from
921 to 924 MHz. As shown in Fig. 17(b), the mean local-
ization error reduction on 922 MHz is the largest (12.61 cm)
while that on 923 MHz is the smallest (9.35 cm). RoSense
exhibits various performance gains on different channels,
though RoSense seems to be independent of channels. The
main reason is that on different frequency channels, the
multipath effects are distinct due to the signal superposition.
The practical errors of the collected phase and RSS rely on
both the time- and frequency-domain, when the LOS signal
combines with multipath signals. The phase deviation is pos-
sibly large on some channels and small on the others. This also
conforms to the conclusion in CPIX. Consequently, on differ-
ent channels, the error reduction degrees using our algorithms
are diverse. Despite all this, RoSense can greatly benefit the
localization performance whatever the used channel is.

H. Impact of Transmission Power

Higher levels of transmission power lead to a larger receiv-
ing beam of reader antenna and also higher possibilities of
severe multipaths. We adjust the transmission power from 24
to 30 dBm and Fig. 17(c) shows the corresponding localiza-
tion results. The error reduction using 30 dBm is 4.27 cm
greater than that using 24 dBm. This is probably because when
the power level increases, the baseline scheme’s localization
error may also be magnified. It also indicates that RoSense
can maintain a fine capability to refine the phase, even using
a large transmission power with severe multipaths.

I. Impact of Reader Modes

In the reader configurations, there mainly exist four
reader modes: MaxThroughput, Hybrid, DenseReaderM4, and
DenseReaderM8, which correspond to four encoding forms:
FM0, Miller2, Miller4, and Miller8 [32]. Provided that BLF
is fixed (e.g., 170.6 kHz using the reader of the FCC version),
the data rate (the number of queries per second) is determined
by the encoding forms, e.g., 170.6/8 = 21.32 b/s of Miller8
and 170.6/4 = 42.65 b/s of Miller4. FM0 has the highest
data rate. However, generally a high data rate would bring
low robustness to environmental interference. In our above
experiments, the default encoding form is FM0. We change
the encoding forms and Fig. 17(d) depicts the corresponding
results of localization error reduction, which verifies the fea-
sibility of RoSense under diverse reader modes though with
varying error reduction degrees.

Besides, we get one critical observation through experi-
ments: the half-wave loss will vanish only if FM0 mode is
used. That is, using the other three modes, the collected phase
always has a π deviation which is incurred by reader firmware
(not multipaths). So, we recommend using the FM0 mode
instead of the other modes since RoSense itself can refine
the sensing performance against multipaths.

In addition, different data rates lead to different packet
duration �T in (3) and thus different DFS. In the above
experiments, the default weights used in phase vector regres-
sion and intercept drift calibration are ω and γ . Below
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(a) (b) (c) (d)

Fig. 17. Robustness evaluation of RoSense under different environmental settings and reader configurations. (a) Error reduction versus tag’s orientation.
(b) Error reduction versus channel. (c) Error reduction versus power. (d) Error reduction versus encoding form.

(a) (b)

Fig. 18. Performance under different weights. (a) Accuracy gain versus
weights. (b) Error reduction versus weights.

we study the effect of different weights as described in
Section III-D. Fig. 18 shows the performance gain under dif-
ferent weights. On the one hand, our default weights achieve
the best performance for both material identification and object
localization. This indicates the effectiveness of our weights.
On the other hand, for Miller encoding, the performance gain
using weight χ nearly approaches that without any weights.
This is probably due to coarse-grained DFS ranks. When using
Miller encoding instead of FM0, the �T becomes larger and
thus the DFS value decreases in terms of (3) for the same �φ.
For example, all DFS values are lower than 10 Hz using Miller
encoding and accordingly the weight χ loses its effect. So we
recommend making more fine-grained DFS ranks. Actually,
both very low and high data rates would not be suitable for
weight χ . Low data rates yield very small DFS values and
the DFS-weight translation is not convenient. On the contrary,
large DFS values may increase the risk that one sample’s DFS
is easily interfered during such a short �T , yielding DFS
unable to correctly reflect the multipath conditions. Hence,
when manipulating real-time spinning, we suggest calculating
the results not only with weight χ but without any weights.
By comparing their similarity, a more reliable result could be
obtained. These conclusions would not affect the performance
in fixed-interval spinning since using our default weights is
adequate.

J. Impact of Parameter Values ε and σ

In the end, we measure the impact of parameter values ε
and σ used in Section III-C. As stated above, we recommend
to choose σ ∈ [1, 2] and ε ∈ [0.4, 0.6], which conforms to the
results in Fig. 19. When ε and σ are situated in our given
intervals, we can achieve the peak performance with very
slight variance. But when σ = 0.5, the performance degrades
by 0.89% in accuracy improvement of material identification
and 1.35 cm in an error reduction of localization. If ε = 0.1,

(a) (b)

Fig. 19. Performance under different parameters ε and σ . (a) Accuracy gain
versus ε and σ . (b) Error reduction versus ε and σ .

the accuracy would be further declined by 1.71% at most, and
similarly the error would be raised by 3.81 cm. Therefore,
inappropriate parameter values may weaken the capability of
RoSense.

Through all experiments in Section V, we verify that our
method RoSense is universal and effective to enhance the
RFID sensing performance under multipaths.

VI. RELATED WORK

RFID Sensing: Due to the small-sized, low-cost, label-
capability, and battery-free advantages of passive tags, RFID
sensing grows to become one of the promising wireless sens-
ing techniques. Recent works have exploited RFID sensing in
masses of IoT applications, e.g., object localization [1], [4],
[33], vibration inspection [6], [7], [34], material identifica-
tion [3], [23], [35], orientation detection [36], [37], temper-
ature monitoring [10], [38], wetness sensing [39], [40], and
items anti-counterfeiting [31], [41]. As one of the vital signal
features provided by COTS readers, the phase shift is com-
monly used in RFID sensing systems and is always superior
to other features like RSS because of its fine granularity [10].

Multipath Effect: Environmental multipath reflection is an
inherent phenomenon, which however significantly limits the
RFID sensing performance [17]. There are two reasons. First,
COTS readers can only report limited features of backscatter
signals. If the LOS signal is superposed with multipath signals,
the signal amplitude and phase would be severely influenced,
making the sensing results inaccurate. Second, UHF RFID
applications with finite communication distance are mainly
deployed in the indoor environment and the multipath effect is
inevitable and common to happen. However, most past works
neglect this problem by simply choosing a clean channel for
communication [3], [25].
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Phase Refinement Against Multipaths: Existing works to
deal with mulitpaths mostly rely on customized software-
defined radios like USRP [14], [35]. The rest consider offline
training to learn multipath profiles [15], [16], which needs a
lot of human efforts and is inapplicable to a new environ-
ment yet. In addition, some works exploit differential phases
of two tag–antenna links [1], [8] and reckon the attenuation of
multipath effect, which practically makes little progress. The
only work especially focusing on multipath and able to cleanse
the signal phase is CPIX [17]. It leverages frequency channel
characteristics to improve the sensing performance to a certain
degree. Despite this, CPIX has a few shortages. On the one
hand, the performance gain using CPIX is volatile. For exam-
ple, the antenna coupling and environmental noise change with
different channels. Our experiments in Section V also verify
that CPIX may even degrade the sensing performance in some
cases. On the other hand, the time delay of CPIX is high and
thus not applicable to real-time applications. Therefore, there
still lacks an effective and universal solution to address the
problem of multipaths, with purely COTS devices.

Antenna Spinning: Different from tag’s rotation sensing [6],
[25], [42], few works consider to spin the reader antenna. To
our knowledge, Spin-Antenna [28] is the only work to use
a spinning antenna to track the 3-D motion of a specified
object attached with a tag array. Though its purpose and used
method entirely different from ours, it verifies the feasibility
of implementing a spinning antenna. Among the past works,
none of them explore the specific relationship between the
antenna spinning and multipath effect.

Our method RoSense is the first attempt to exploit the
phase and RSS vectors through antenna spinning to refine the
LOS signal phase under multipaths. Instead of channel hop-
ping in CPIX, antenna spinning would lead to more robust
performance. Besides, though a certain spinning latency is
inevitable in RoSense, it is lower than that of CPIX. Moreover,
RoSense is universal for various applications and can work
effectively under diverse settings as long as the LOS signal
exists.

VII. CONCLUSION

In this article, we propose a brand-new universal method
RoSense to refine the LOS signal phase for robust RFID
sensing, by spinning the reader antenna. RoSense can work
effectively under different settings, without any extra RF
devices or offline training. Experimental results demonstrate
that RoSense can achieve a remarkable performance gain for
two typical sensing applications and outperform the state-of-
the-art works.

APPENDIX

CHANGING TENDENCY OF PM AND ψ REGARDING α IN (7)

First, we denote Ai = √
p2 + q2ηi and (7) can be reformu-

lated as

N∑
i=1

2
√

p2 + q2ηi cos(βi − α) cos(2π ft − δi)

=
N∑

i=1

2Ai cos(βi − α) cos(δi) cos(2π ft)

+
N∑

i=1

2Ai cos(βi − α) sin(δi) sin(2π ft)

= A cos

(
2π ft − arctan

∑N
i=1 2Ai cos(βi − α) sin(δi)∑N
i=1 2Ai cos(βi − α) cos(δi)

)
.

(17)

Thus, the amplitude of SM(t) is

A =

√√√√√
(

N∑
i=1

2Ai cos(βi − α) cos(δi)

)2

+
(

N∑
i=1

2Ai cos(βi − α) sin(δi)

)2

and the phase shift of SM(t) is

ψ = arctan

∑N
i=1 2Ai cos(βi − α) sin(δi)∑N
i=1 2Ai cos(βi − α) cos(δi)

.

According to our definition of δi in Section III-A, we know
that δi −α is independent of α and δi +α contains the compo-
nent of 2α. So we define two constants Bi = βi − α + δi and
Zi = (δi − βi + α) − 2α which are independent of α. Then,
we can transform A2 into the following expressions:

A2 =
(

N∑
i=1

Ai cos(Bi)+
N∑

i=1

Ai cos(Zi + 2α)

)2

+
(

N∑
i=1

Ai sin(Bi)+
N∑

i=1

Ai sin(Zi + 2α)

)2

=
(

N∑
i=1

Ai cos(Bi)+
N∑

i=1

Ai cos(Zi) cos(2α)

−
N∑

i=1

Ai sin(Zi) sin(2α)

)2

+
(

N∑
i=1

Ai sin(Bi)+
N∑

i=1

Ai sin(Zi) cos(2α)

+
N∑

i=1

Ai cos(Zi) sin(2α)

)2

=
(

Ã cos(2α + H1)+
N∑

i=1

Ai cos(Bi)

)2

+
(

Ã sin(2α + H1)+
N∑

i=1

Ai sin(Bi)

)2

=
(

N∑
i=1

Ai cos(Bi)

)2

+
(

N∑
i=1

Ai sin(Bi)

)2

+ Ã2

+
(

2Ã
N∑

i=1

Ai

)
cos(2α + H1 − H2) (18)
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where

Ã =

√√√√√
(

N∑
i=1

Ai cos(Zi)

)2

+
(

N∑
i=1

Ai sin(Zi)

)2

,

H1 = arctan

∑N
i=1 Ai sin(Zi)∑N
i=1 Ai cos(Zi)

, and

H2 = arctan

∑N
i=1 Ai sin(Bi)∑N
i=1 Ai cos(Bi)

.

Ã, H1, and H2 are independent of α. Hence, the changing
tendency of A2 is determined by cos(2α + H1 − H2). Based
on the relationship between RSS and signal amplitude, the
value of PM is proportional to A2. Accordingly, PM changes
nonlinearly and nonmonotonically with α.

Similarly, we can transform ψ as follows:

ψ = arctan

∑N
i=1 Ai sin(Bi)+∑N

i=1 Ai sin(Zi + 2α)∑N
i=1 Ai cos(Bi)+∑N

i=1 Ai cos(Zi + 2α)

= arctan
Ã sin(2α + H1)+∑N

i=1 Ai sin(Bi)

Ã cos(2α + H1)+∑N
i=1 Ai cos(Bi)

. (19)

Based on the monotonicity of the arc-tangent func-
tion, we only need to study the changing tendency of
Y = [Ã sin(2α + H1)+∑N

i=1 Ai sin(Bi)]/[Ã cos(2α + H1) +∑N
i=1 Ai cos(Bi)] regarding α. Denote Â =√
(
∑N

i=1 Ai cos(Bi))
2 + (

∑N
i=1 Ai sin(Bi))

2
and we can

obtain its derivative

∂Y

∂α
= 2Ã2 + 2ÃÂ cos(2α + H1 − H2)(

Ã cos(2α + arctan H1)+∑N
i=1 Ai cos(Bi)

)2
. (20)

Therefore, it is uncertain whether the changing tendency of ψ
is monotonic or not. If Â ≤ Ã, ψ will monotonically increase
with α. Otherwise, ψ will change nonmonotonically. Even so,
the tendency must be nonlinear in terms of (19).

In addition, we can find that the changing tendencies of PM

and ψ in one period are evidently inconsistent through the
above analysis.
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