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Highlights
Towards centimeter precision SAR-RFID localization

o SAR-RFID localization is demonstrated with centimeter accuracy and real-time acquisi-
tion

e The sources of error of SAR-RFID localization are reviewed in an operationnal manner

e Localization under vegetation and snow cover is demonstrated

e Markov-Chain Monte-Carlo algorithm enhance the localization results

e A comparison of antenna tracking methods shows Post-Processed Kinematics yields better
results for outdoor tracking



Towards centimeter precision SAR-RFID localization

Abstract

Radio-Frequency Identification (RFID) shows great potential for earth-sciences applications, no-
tably for landslide surface monitoring at a high spatio-temporal resolution with long-term ro-
bustness to meteorological events (rain, fog, snow). The ability to localize RFID tags using
Unmanned Aerial Vehicles (UAV) in a Synthetic Aperture Radar (SAR) approach, would offer
new possibilites for monitoring inaccessible terrains, even under vegetation and snow. To that
end, an onboard measurement system was built that allows Global Positionning (GPS) tracking
of an RFID reader antenna, in order to perform real-time SAR measurement acquisition of RFID
tags on the ground. Three antenna tracking methods were compared. In addition, Markov-Chain
Monte-Carlo (MCMC) optimization was used to estimate tag position and characterize the so-
lution, even in non-convex cost function scenarios. Two cost functions were compared, based
on different RFID-phase processing approaches. Real-time SAR-RFID localization yielded a
centimeter accuracy in the horizontal plane, with lower resolution in the vertical direction. The
Post-Processed Kinematics algorithm proved to best fit antenna tracking. The unwrapped-phase
based cost function provided more convex solutions, at the cost of a lower accuracy compared to
the complex-phase cost function. MCMC proved to be computationally efficient in SAR-RFID
optimization, with enhanced results concerning the shape and orientation of the main localization
errors.

Keywords: RFID, UAV, SAR, Synthetic Aperture Radar, Unmanned Aerial Vehicle, Radio
Frequency Identification, Remote Sensing, localization, Markov Chain Monte Carlo, vegetation,
snow, landslide monitoring.

1. Introduction

In the recent years, the use of Unmanned Aerial Vehicle (UAV) as a means of remote sensing
has been a growing research topic [1, 2]. In Earth Sciences and Environmental Remote Sens-
ing, UAVs provide a relatively cheap solution to investigate unreachable or dangerous places for
humans [3, 4]. Compared to satellite-based remote sensing, UAV’s allow for a more local and
flexible investigation, especially in terms of acquisition frequency. Compared to heavier local
devices (fixed Lidar, total station, etc), they represent a lighter solution free to investigate both
wide areas and specific objects. With the Internet-of-Things (IoT) paradigm, new sensing sys-
tems are appearing in which the role of UAVs is of importance, notably in telecommunication
[5] and agriculture [6]. Radio-Frequency Identification (RFID), which is an important domain
in IoT [7], has acquired rising interest in the Earth Science community [8] for a variety of ap-
plications such as pebble tracking, soil moisture sensing, snow depth estimation [9], or landslide
displacement monitoring. The combination of UAV and RFID technologies provides great pos-
sibilities in the domains of logistics and retail [10], but also in environmental sensing [11, 12]
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and notably ground surface displacement sparse monitoring [13]. Landslides are complex nat-
ural hazards, under investigation since decades. Monitoring is essential both to study landslide
dynamics and to create early warning system. Surface displacement is commonly monitored and
predicted using a wide variety of technical devices, in order to warn the affected communities
when necessary [14]. Aerial remote sensing solutions include Interferometric Synthetic Aperture
Radar (InSAR) and airborne imagery. Stable in-situ methods rely on total stations, Lidar devices,
GNSS or extensometer, and recently RFID landslide monitoring was demonstrated [15] and im-
proved [16, 17] with a system of fixed antennas in both 1D and 2D localization schemes [8, 18].
Most methods suffer from specific outdoor conditions, such as steep slopes, rain and fog, snow,
vegetation or wandering animals. The above-cited approaches can hardly measure accurate dis-
placements under vegetated cover, even less in the case of snow as its surface movement (snow
creep) does not match ground deformation. In this context, RFID shows interesting features that
allow measurements without a free line-of-sight between readers and tags, with a manageable
sensitivity to vegetation and snow [19]. Although the interactions between RFID systems and
snow or vegetation have been partly studied [15, 9], tag localization in these media has not yet
been demonstrated. As of now, RFID measurement systems installed on landslides have always
been fixed stations [8, 18]. We foresee the development of UAV-RFID localization as a promis-
ing method, that could greatly enhance the size of RFID-monitored sites, ensuring a vegetation-
and snow-ready measurement technique [20]. This paper proposes to investigate the intricate
challenges of UAV-RFID landslide monitoring, and monitoring under vegetation or snow cover :
can we monitor surface displacement through snow and vegetation using UAV-RFID, and with
which accuracy ? First, we introduce the SAR-RFID localization approaches and review the vari-
ous localisation errors and the corresponding litterature (Sec. 2). The performed experiments are
then described in the Materials and Methods (Sec. 3). Next, specific aspects concerning RFID
data inversion are covered (Sec. 4). Last, the localization results are presented and discussed
(Sec. 5).

2. Operational review for outdoor localization

UAV-aided RFID localization using phase-of-arrival measurement, is a challenge that puts
several technologies and methodologies into play. It is a complex problem that implies many
sources of error and offers a variety of choices at every step of the workflow. Table 1 proposes
a summary of all steps in the measurement chain, to the best of our knowledge, and the corre-
sponding literature works. This table was constructed in an operational perspective, in order to
help decipher and reduce individual error sources.

First the localization of the drone and the antenna attached to it, can be performed in multiple
ways ("Reader Positioning” section in Table 1). Using a single GNSS receiver, Precise Point
Positionning (PPP) can provide centimeter accuracy after post-processing of GNSS data [21].
This method often requires dual-frequency measurement and is best suited for immobile antenna
positioning [22]. Differential methods using base and rover GNSS receivers, such a Real Time
Kinematic (RTK) or Post Processed Kinematics (PPK), only require mono-frequency measure-
ments to reach centimeter accuracy. The latter proved to be more accurate than RTK, as it allows
better correction from GNSS satellites data [23]. It also provides more stable solutions than
RTK. Nonetheless the loss of a fixed-integer position can occur, leading to the absence of usable
data points. To prevent this, Suzuki et al. [24] used the redundancy of multiple GNSS receivers
mounted on the same drone. Another solution would be to track the UAV-antenna using a total
station [25]. Although this would yield the best accuracy (it is used as a reference compared to
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GNSS), it would also cancel many advantages of the approach : heavy ground-based devices,
and need for line-of-sight.

When performing measurements with a flying antenna, the relative position of the GNSS
rover with respect to the antenna position, both rotating around the UAV center of mass, can vary
because of tilt [26] : the so-called “’lever-arm effect”. This effect is even accentuated in outdoor
scenarios, and when the drone flies at high speed or follows an erratic trajectory because of the
wind. The use of an embedded inertial measurement unit (IMU) for correction can therefore be
necessary. In the present scenario, all experiments where performed at low velocity (a few cm/s
at most) on a stable support, so that no inertial correction was required. See "Reader Antenna
positioning” in Table 1.

Variations in the phase center position are also prone to appear ("Phase meas.” in Table 1),
notably with varying reader angle as studied in [27] or due to a metallic surrounding. In extreme
angle geometries, this can lead to a 1.2rad phase offset (3 cm with the present UHF devices). The
presence of the metallic drone structure is generally accounted for, by setting the phase center
10 cm above the antenna’s center of mass [28]. The combination with antenna tracking errors
(drone position + tilt) then produces non-negligible uncertainties between the real phase center
and the tracked one.

In every RFID-SAR scenario, the shape of the trajectory has a notable impact on the local-
ization performance. A general rule states that the longer the trajectory in one direction, the
better the localization accuracy. The shape of the trajectory can generate secondary peaks in the
inversion process, as studied elsewhere using simulation [29]. In scenarios where the antenna
overlooks tags placed on the ground, the trajectory should have maximal vertical and horizontal
extension. Measurements from multiple antennas are also used to increase the size of the SAR
without actually increasing the antenna trajectory[30].The spatial sampling frequency should
follow Shanon’s criterion, which imposes a limit on the flight speed in the case of real-time mea-
surements. During the measurement process, usual phase measurement errors are expected, with
a notable relationship to RSSI values [15]. Moreover, in the case of rough terrain or presence of
water (humid vegetation, snow, soil moisture), multipath interference may generate measurement
biases that can hardly be simulated nor canceled.

Another critical aspect of this multi-measurement setup is the time synchronization of RFID,
GNSS and potentially IMU data. At a flying speed of 1 m/s a time delay of 10 ms can lead to
a 1 cm space offset between UAV position and corresponding RFID measurement.To overcome
this issue, trigger events have been used for initial synchronization [28]. Added to this difficulty,
is the fact that GPS measurements are under-sampled compared to RFID.

Once the measurement is performed, the inversion problem poses yet another set of issues
("Inversion problem” in Table 1). RFID phase data is usually taken in its complex form and the
cost function is defined by the correlation between measured and synthetic vector [28]. Other
methods rely on segmented phase unwrapping, which tends to reduce the localization ambigu-
ity [31, 27]. Lastly, the optimization algorithm is a crucial choice in terms of computational
cost. A grid-search approach can be used for exhaustive characterization [29], but in real cases
other methods have been explored : Particle Swarm Optimization (PSO) was lately used for
complex-phase and non-convex cost functions [30], and simpler gradient methods were applied
to unwrapped-phase convex cases [31]. In general it is more efficient to exploit all available
observables such as RSSI and phase, in order to reduce the search window and then perform a
more costly inversion [27].



Error source Comment / solution Error esti- | Literature
mate
Reader Positioning
GNSS processing PPK/RTK/PPP, depends mostly on | 1-5cm [32, 23, 24], this paper
hardware and technical needs.
Loss of GNSS ambiguity | Related to sky view / multipath en- | Data loss [24, 33]
resolution vironment. IMU can help.
Sky view DOP, satellite clock errors. Implies | 1-10 cm [34, 35]
a time-varying bias.
Reader Antenna Posi-
tioning
Lever-arm effect Requires IMU. 1-10 cm [26, 36, 37, 38, 39]
Time sync between GPS | Trigger event, or NTP sync. Need [28, 40, 41], this paper
and RFID measurement to handle subsampling interpola-
tions (potentially with IMU).
GPS/RFID subsampling Interpolation using IMU or other [42]
methods.
Phase meas.
Antenna phase center vari- | Angle (antenna directivity) and en- | 1-10 cm [27, 28]
ation vironment dependent.
Random phase error Depends on antenna and signal | 1cm [15, 18]
strength.
Propagation phase error Multi-path interference, media- | 1-20 cm [18, 43, 44, 45], this pa-
dependent delay. per
Doppler phase shift Depends on UAV velocity. [46, 47]
Inversion problem
Shape of trajectory Secondary peaks could appear. [29, 30]
SAR length should be maximized
in all directions.
Density of points Shanon criterion should be re- | 1-10cm [29, 48]

spected, even with trajectories dis-
tant in time.

Choice of cost function

Wrapped/unwrapped phase, differ-
ential, RSSI.

[28, 30, 49, 50, 31], this
paper

Inversion algorithm

Computation time, accuracy, preci-
sion estimation.

[29, 30, 50], this paper

Table 1: Errors sources for UAV-RFID localization.
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Figure 1: (Left) Schematic of the SAR embedded measurement system. (Right) Workflow for data processing, from raw
measurement to SAR inversion.

3. Materials, methods and workflow

3.1. Experimental test structure, embedded system

An experimental setup was built to simulate the embedded system that would fly on a real
drone, with all devices mounted on a fiber glass structure (see Figure 2). This structure, inspired
by [51], allowed for a ID-SAR trajectory of length 1.6 m without actually flying a UAV.

The GNSS signal was provided by a receiver, connected to a local base with short baseline
(<10 m). RFID measurements were performed with a reader connected to a circular polarized
RFID antenna, using a carrier frequency of 867 MHz and at a sampling frequency of 20 Hz.
Internet and wireless connection was provided by a 4G+ modem. Time synchronization was
performed by using a supplementary GNSS dongle [41] through a local NTP server to which
the RFID reader was synchronized. This way a millisecond-order delay was ensured between all
measurements. All the devices were connected to a Raspberry Pi (Rpi), that launched and stored
the various measurements. This measurement system was then moved on a rail structure made
of fiber glass, guiding the system on a 1D trajectory. The height and orientation of the structure
varied in the different experiments. Lastly, a mini-prism was mounted on the system to perform
tacheometry reference measurements [52]. Figure 1 presents a general scheme summarizing the
measurement setup, as well as the construction of the SAR data.

3.2. Processing data to produce the SAR

The Synthetic Aperture Radar is a composite vector, combining both reader position and
corresponding phase measurement. This section describes the construction of this SAR vector
from raw measurements.

First we will discuss the SAR trajectory tracking. In this study PPK and RTK were used for
reader tracking, along with tacheometry for reference measurement. For PPK, the raw observa-
tion files measured from the base and rover were post-processed using RTKLib [53] to obtain
a SHz-sampled position series. For RTK, the pyUBX [54] python module was used. In both
cases, when the ambiguity resolution was lost (leading to a floating point solution), the data was
discarded.

The SAR vector consists of both 3D position and 1D phase measurements, in a 4 X N, shape,
where N, is the total number of readings. Due to different sampling frequencies an interpolation
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Figure 2: Summary of the 1D experiments. (Top left) Schematic of the typical 1D measurements. (Top Right) Experiment
in air. (Bottom Left) Vegetation experiment. (Bottom Right) Snow experiment.

of the antenna position is required. A spline interpolation was applied for continuous measure-
ments that respect the Shannon criteria, although IMU-based interpolation could yield better
results. When the criteria was not met, no interpolation was performed. In real-time acquisition
scenarios, i.e. when the antenna position changes between every RFID measurement, high ac-
celeration periods were discarded because the tilt, vibrations or elastic deformation could disrupt
the geometrical relationships between the different system devices.

3.3. Step-by-step 1D-SAR experiments

The following experiments were performed using the fiber glass structure fixed on the ground
(see Figure 2). During experiments the system was moved manually step by step, with a 10 s
step measurement duration. This allowed for a stable configuration at each point. The spatial
increment between measurements was 3 cm. Pointwise tacheometer references were taken using
a total station and the mini-prism. The 1D-localization experiments were performed using the
fiber glass structure, in a variety of propagation media.

e Vegetation : Two different vegetation types were tested : blocks of hay (30 cm thick) and
layers of bark (20 cm thick), with different moisture contents. The materials were super-
imposed in various geometries over the tags before the SAR measurement, as represented
in Figure 2. The moisture content was estimated by drying the material and weighing it
(see Table 3).



e Snow : In freezing conditions, a tag was placed below a 28 cm thick homogeneous dry
snow layer, with an average density of 0.54 kg/L.. The homogeneity of the snow was veri-
fied with snow density measurements at various depths, and the snow temperature profile
was measured as well. This confirmed dry snow conditions (negative temperature on the
whole profile). The structure was placed to perform 1D measurements both with and with-
out the snow layer.

3.4. Real-time 3D-SAR experiments

A set of experiments was performed with continuous movement and real-time sampling. The
fiber-glass structure was handheld to perform 3D trajectories, during synchronized measurement
from GNSS and RFID. The antenna velocity was low (a few cm/s) and kept a steady orienta-
tion, as was confirmed by inertial measurements. The real-time measurement campaigns were
performed in clear sky conditions.

4. From SAR to tag position : inversion methods

In this section, the methods used to estimate the tag position from the SAR tracking and phase
measurements are discussed. First, two cost functions are compared ; then a heuristic method is
proposed to reduce the inversion search space ; finally, we discuss the importance of the vertical
antenna tracking error on the final localization result.

4.1. Choice of cost function

In this section, two different cost functions are presented for SAR inversion in order to com-
pare them : complex phasor correlation and guided unwrapping.

C : Complex phasor correlation. Most phase-based SAR-RFID localization works [28] use the
following scheme in order to localize an RFID tag with a moving antenna. Let s; be the complex
phase value measured at time i. In this work we do not consider the signal amplitude, as the
localization only exploits phase values. Each phase measurement ¢ can be expessed as :

¢i(punt7ptag) = —47rr,-//l+¢0 + Gbias (1)

Where A is the carrier wavelength, 7; is the distance between antenna and tag phase center posi-
tions puy and pyuge, Po is an unknown phase offset due to phase propagation in the reader, cable
and reading antenna, and ¢p;,s is a bias due to multipath or antenna phase center variation. Note
that ¢y is supposed constant. Also, ¢, is not modeled in this work : it is only a second order
quantity. We will neglect ¢, in the following, but will nonetheless discuss it later. The complex
phasor s; is defined as follows :

s; = e I = o i(Anri[A+do) (2)
In the following we only consider the phase variation and not the absolute phase value, in order
to remove the constant ¢y. Usually this is done by subtracting the first measurement :
Si

As; = 3
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and reducing the measurement vector y to a normalized phasor sequence :

y(panl, ptag) =[1, As; ... Asy]

Inversion is performed by producing a synthetic measurement vector a based on a hypothetical
tag position py,, and the estimated antenna trajectory :

a(Pant» P;ag) =11, AS/I As;]

The best match between the measured and synthetic vectors is then found through the normalized
correlation product :

la"yl
llall llyll
With H the Hermitian operator. The argument of maximum value for C; corresponds to the
highest likelihood for tag position.

Ci(Prag) =

C, : Guided phase unwrapping. Phase unwrapping is a crucial aspect of phase-based RFID
localization, usually associated to cost-function convexity and more constrained localization so-
lutions. The complex trajectory of outdoor UAV flights and on-board data acquisition, add to
the difficulty of ad-hoc phase unwrapping. Additionally, rough terrain and humidity generate
unpredictable multipath interference, and loss of data points can lead to phase decoherence.

We propose a simple algorithm derived from fixed-antenna RFID monitoring [17] in order to
perform unwrapping based on a model. To keep track of phase coherence, we utilize the synthetic
unwrapped-phase vector for every test point b built through Eq.1 as a reference for unwrapping
the measured wrapped phases y :

Ye=U(y-b)+b @)

With U an unwrapping operator as discussed in [27, 55], the choice of which is not the subject of
this work. In the present case we used the complex smoothing unwrapping approach, presented
in [17]. Note that the knowledge of ¢, remains unnecessary as we can still normalize both vectors
to the first measurement. The guided output y, is thus unwrapped to correspond to the test point
phase series b, especially after long data gaps. The proposed cost function is the same as C, in
order to obtain comparable cost functions.

, b7y,
Ca(Plyg) = ———

[IbI[ [yl
We have herein presented two cost functions for SAR inversion. The next two sections will
discuss the inversion approach, first reducing the search space, then using MCMC to characterize
the cost function.

4.2. Pre-localization method

In order to reduce computational cost, it is necessary to have a relatively small search zone.
Additionally it is important to use a robust convergence algorithm, to prevent incorrect local-
ization results due to secondary peaks. Final inversion is generally performed using only phase
measurements, but pre-localization can be performed using more classical RSSI-based algo-
rithms [56, 57]. Even though the latter show accuracy on the order of 0.5 — Im, it reduces the
search window and the computational cost in a cubic manner. In this work we use the RSSI max-
imum as the horizontal center of the search space, which is a cube of variable size depending on
the experiment.
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Figure 3: Qualitative results for the localization of a tag using a 1D SAR and tacheometry for antenna tracking. (Left) 3D
view of the MCMC distribution (180 000 points out of 800 000 candidates). (Middle) xOy and yOz (right) projections
of the MCMC distribution. The colors represent the corresponding cost using C1. The true and estimated position are
shown as crosses.

4.3. Inversion algorithm

In this section, the choice of the optimization method is discussed, which is an important

matter as well. Firstly because the cost function is generally non-convex, and gradient-based
algorithms do not converge towards a stable solution. Secondly because an exhaustive search
(gridsearch for instance) implies a high computational cost, especially in the case of a 3D search
in a meter-wide window. For both research purposes and real-world applications, using an effi-
cient algorithm to find the tag location is thus crucial.
In a real-world outdoors scenario, with uncertain antenna elevation due to rough terrain, and
unstable trajectories due to wind and obstacles, typical inversion methods do not provide stable
minima. As was studied elsewhere [29], the shape of the cost function greatly depends on the
SAR trajectory, with secondary peaks often appearing.

This paper proposes to use a Markov-Chain Monte Carlo (MCMC) optimization, which is
suited for global optimum research of non-convex cost-functions [58]. Moreover MCMC con-
structs a covariance matrix in the parameter space, providing useful information about the main
directions of error. This paper will not go into detail concerning this method, only stating that
MCMC builds a Markov Chain that approximates the probability distribution of a given function,
here C; or C,. One classical way of building this Markov Chain is the Metropolis-Hastings algo-
rithm, which we use here. In this algorithm, the Markov-Chain possesses the ergodic property.
This ensures that, after a burn-in phase, it will reach a stationary state where each position will
be visited a number of times proportional to its probability, thus approximating the probability
density function of the parameters. The general approach is inspired from [59, 60]. To speed up
the burn-in phase of the Metropolis-Hastings algorithm, we perform simulated annealing (SA)
to find a starting position close to the global optimum [61], while simultaneously providing an
estimate of the variance of the measurement errors [59]. Simulated annealing is also an MCMC
method and follows a similar procedure to the Metropolis—Hastings algorithm. However, rather
than approximating the probability density function of the parameters, it aims at converging to
the global optimum by progressively decreasing the probability of accepting worse solutions.
From the simulated annealing, the best output and the estimated variance are used as input to a
classical Metropolis-Hastings exploration of the search space.

Typical computation times in this paper are in the order of 1 x 107 iterations for SA and 8 x 10°
for MCMC. As a quick comparison, a gridsearch algorithm would require 6.4x 107 computations
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to reach a 0.5cm accuracy in a search cube of 2m side.

4.4. Sensibility to antenna position uncertainty

In the SAR-RFID scenario, there is a doubled negative effect from the system sensitivity in
the vertical direction. It is widely documented that GPS solutions show a higher uncertainty
in the vertical direction than in the horizontal one [62]. Moreover, the direct model for phase
measurement is especially sensitive to a vertical displacement of the reader antenna, because the
UAV flies above the RFID tag [63].

Let us derive a simple model to explain the vertical sensitivity of the system. Figure 2 de-
scribes the system. As derived elsewhere [18], the phase variation d¢,, in the direct model at first
order is expressed as :

A, = ! x] [dx, + € dz, + €] )

Ve 2 |2
Where x and z are the antenna-tag distance coordinates, dx, and dz, are the true position vari-
ations, €, and €, are the antenna localisation errors. The GPS device that we use yields values
of €, ® 1 cm and €, = 3 cm, confirmed by the literature [64]. In usual UAV trajectories, the z
coordinate is usually less prone to vary (if not set to a constant) than the horizontal coordinates.
In the present step-by-step scenario, the true variation dz, between consecutive measurements
is of mm order. This implies that the modeled height variation dz, + €, is mostly driven by the
vertical error €,. In addition, the fact that z > x in the general case of a drone flying over the
tag, yields a higher sensitivity in the z direction. For these reasons it is important to mitigate the
antenna vertical position error.

We have covered various aspects of SAR inversion, notably the choice of the cost function
and the importance of the vertical tracking error. Next section will present and discuss the results.

5. Results and discussion

Before analysing the localization results, we first validate the MCMC method in comparison
to a gridsearch algorithm. Then the various antenna tracking methods, and 1D localization under
different media are compared. The two cost functions C, and C, are discussed, and finally
3D real-time localization is presented. In this next section, all MCMC results are presented in a
statistical manner. After performing the MCMC run with a given number of candidates (typically
a few 100 000), the distribution is plotted as a histogram with sub-centimeter resolution, or as a
3D scatter-plot.

5.1. Validation of MCMC localization with 1D SAR

Figure 3 presents qualitative MCMC results for a 1D-SAR experiment performed in air. The
multivariate plots highlight the 3D shape of the cost function, which resembles a torus centered
around the SAR axis. When projected onto Oy and Oz, the MCMC distribution indicates the
presence of minor secondary peaks, although not generating localization ambiguities. An ex-
haustive gridsearch was computed along the main SAR directions, centered around the MCMC
solution. The comparison between gridsearch and MCMC in Figure 4, shows coherent maxima.
The difference in cost function shape is due to the different search spaces represented by both
3D-MCMC and 1D-gridsearch : the first represents accumulated results along the whole 3D
search space, whereas the second only shows the cost function along a 1D-line. Figure 4 shows
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Figure 4: In blue, histogram of the MCMC distribution projected on the Oy (left) and Oz (right) axes. In orange,
gridsearch estimation of the cost function along a line, centered on the estimated position.

L Tacheo RTK PPK
Localization scheme
1D 1D | Stable Z 3D
€ (cm) <1 1.5 1
€, (cm) 2.6 8 4 3

Table 2: Summary of localization results using a fiber glass stable structure, and the autonomous measurement system.
The 1D experiments were performed step-by-step, while the 3D experiment was real-time.

that MCMC succeeds in accurately mapping a non-convex function for SAR-RFID phase inver-
sion, with a lower computation time and better (virtually unlimited) resolution than a gridsearch
algorithm. Moreover the MCMC output is directly exploitable for a statistical evaluation of the
inversion (see below).

5.2. Tag localization using different antenna tracking methods

Table 2 shows results for 1D-localization using different antenna tracking methods. The
tacheometer is the most accurate method, as could be expected from the devices’ reported per-
formance [52]. RTK and PPK yield a similar accuracy in the horizontal plane. The artificial
vertical stabilization of the SAR trajectory tends to improve the vertical localization results.

Vertical stabilization for RTK. The higher vertical error for both PPK and RTK is partly induced
by the poor accuracy of both methods in this direction. The reported RMS of the U-blox FOP
is 3 cm in the vertical direction [65], which was also verified in situ during the testing phase.
This Oz instability produces poor inversion results as stated previously. An artificial stabilization
of the vertical coordinate was tested: a 3-point rolling average was applied on the RTK vertical
coordinate, increasing the Oz localization accuracy by a factor 2 (see Table 2). This smoothing
showed satisfactory results in a controlled and stabilized experiment. We believe more research
should be performed in order to generalize it to real-time acquisitions. Indeed as the behavior of
the SAR phase does provide information about the Oz antenna movements. A Kalman filtering
approach could for example be applied in a SLAM (Simultaneous Localization and Mapping)
approach, that would take into account the vertical error of the antenna as well a data fusion from
IMU or Lidar devices [66, 67].
11
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Figure 5: MCMC results for the 1D vegetation experiments, with €, and ¢, the localization error along Oy and Oz, oy
and o, the respective standard deviation of the MCMC distribution. All results were computed using C;.

Medium Air Hay Bark | Bark/Hay | Snow C; | Snow C,
€ (m) <0.01 | <0.01 | 0.03 0.01 0.05 0.06
€ (m) 0.01 0.03 0.05 0.04 0.14 0.25

Table 3: Localization results for various propagation media : error €, along the ID-SAR direction, and €, along the radial
direction (or vertical).

5.3. Tag localization under vegetation and snow

The drying experiment revealed a 50% moisture content for bark, against 2% for hay. Figure
5 shows localization results for the vegetation experiments, illustrated by MCMC histograms.
Hay does not show any significant effect on the radiowave time of flight, nor on the localization
cost function, even when two blocks of hay are used (1m depth of material over RFID tag). As
shown in Table 3, the localization error stays within centimeter margins. On the contrary, the
effect of bark is more notable. The shape of the solution is not changed dramatically but the error
is higher in both Oz and Oy directions. In the case of a bark/hay superposition, with the moist
bark above hay, the localization results are strongly disturbed. The cost function is modified
especially in the Oz direction, where a clear secondary peak appears. In both directions, the peak
is widened and shows a higher deviation. This disturbance is most likely due to multipath effects,
as was confirmed by comparison of phase measurements.

The localization results under snow are presented in Table 3 and Figure 6, with typical errors
of about 3 cm. Using the same cost function as in the vegetation experiment (C;), we note that
the snow induces a strong secondary peak approximately one wavelength away from the main
one (1 = 16 cm). Focusing on the main peak, a 5 cm horizontal error is still obtained, and
12 cm error in the vertical direction. The localization in air from Figure 6 shows a higher error
than in the vegetation experiments, although it remains in the standard deviation limits. The cost
functions will be compared below.
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Figure 6: MCMC results for the 1D snow experiments, with a comparison between C and C; results.

Interpretation. The sensitivity of the radiowave propagation to the bark material can be ex-
plained by its higher moisture content, as well as its mesoscale material structure, that present
a high number of air/wood interfaces (RF diffraction and diffusion). Indeed, the wavelength is
about 34cm and the typical bark pieces had dimension of 1-10cm. As could be expected from
the mostly horizontal trajectory, the vertical direction is more sensitive to perturbations of the
medium. Moreover, one specificity of the bark material was its asymmetry : one side of the bark
layer was thicker, which deported the measurement bias towards a specific direction. Translated
in real scenario, this highlights that non-homogeneous and moist material can strongly disturb
both measurement accuracy and precision [15, 68], especially if they are elevated above ground
(wet leaves for example). This is why the snow experiment was performed with dry and fresh
snow : although snow can cause strong phase shifts [9], the relative homogeneity and symmetry
of the medium preserved the coherence of the measurement. Nonetheless, the overall 1D results
show that the effect of snow on localization are the highest compared to the tested vegetation.
Besides, the snow might artificially lower the position of the tag, because of the longer optical
path in snow than in air. Due to the vertical ambiguity of the results it is not possible to conclude
on this aspect.

5.4. Comparison of cost functions

Figure 6 also presents MCMC results using cost functions C; and C,, for the snow exper-
iment. C; produces an ambiguous inversion result with multiple peaks in the presence of the
snow layer. This is most likely due to the multipath interference and phase delay introduced by
the snow. As a reference, we see that localization through air with C; yields a unique solution.

On the contrary, C, generates a unique optimum in both Oy and Oz directions, even in the
presence of snow. This can be explained qualitatively, by stating that the guided-unwrap ap-
proach accumulates information along the whole SAR. Indeed, a correct phase unwrap is new
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information for inversion and it reduces the ambiguity. We interpret C, as a way of averaging
the phase ambiguities.
On the other hand, C, requires more computation time because of phase unwrapping.

Limitations of the unwrapping approach C,. Note that the C, algorithm is based on the assump-
tion that ¢,, and ¢, behave in a similar way, and is built to estimate the resemblance of the two
series in a real-data scenario. If the two series have nothing in common, the algorithm will pro-
duce non-realistic, over-fitting results that should be discarded. This method proves to be more
stable than standard phase unwrapping, and the added information allows for a better conver-
gence when searching for most probable tag position.

Although phase unwrapping shows considerable advantages, it is much more sensitive to
perturbations. Notably when the space sampling frequency changes (UAV speed variation) and
in strong weather scenarios (wind/rain/vegetation), the stability of any unwrapping algorithm is
challenged [16]. Most unwrapping algorithms have been developed and tested indoors [69, 50],
where the faced challenges are different (more multipathing, simpler environment). There still
remains a need for outdoor validation of such algorithms.

5.5. 3D real-time localization results

Figure 7 presents MCMC results for a 3D-SAR real-time experiment using the C2 function.
The localization results are provided in Table 4, with aperture length L, error € between reference
position and MCMC distribution average, and distribution standard deviation 0. Note that the
MCMC solution error is consistently comparable to the standard deviation score (interpreted as
an “error bar”).

The relatively short vertical aperture explains the higher deviation in the vertical direction.
This is added to the higher vertical sensitivity of the system (see Section 4.4).

Direction | Aperture length (m) | Localization error (m) | Standard deviation (m)
X 1.6 0.02 0.015
Y 1.2 0.02 0.015
Z 0.25 0.08 0.1

Table 4: Summary of the 3D-SAR localization results.

5.6. Discussion on main error directions

In the context of a mainly horizontal trajectory, the xOy and Oz estimations are often discrim-
inated because they don’t rely on the exact same inversion approach. Namely, the SAR horizontal
aperture can provide a high precision in the xOy plane, whereas additional information is often
needed for Oz, such as Lidar, IMU or other altitude measurement devices. Figure 7 shows quali-
tatively that MCMC space parameters are correlated, i.e. that the distribution is not aligned with
the main axes. This challenges the horizontal/vertical separation. The strong correlation that can
appear between vertical and horizontal parameters is an additional source of error. It is expected
that the main error directions are not aligned with the XYZ inversion frame, and MCMC allows
for a detailed analysis of these directions. Table 5 presents correlation coefficients between Oy
and Oz parameters of the MCMC distribution, in the yOz plane (or perpendicular to 1D trajec-
tory, when applicable). Note that the highest 1D scores are reached in the most RF-sensitive
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Figure 7: MCMC localization results for a tag with a 3D trajectory. (Left) 3D densities in xOy and xOz planes. (Right)
MCMC density projected on every axis.

Experiment Air | Hay | Bark | Bark/Hay | Snow | 3D
yOz corr.coef | 0.15 | 0.26 | 0.22 0.34 0.3 | 041

Table 5: Correlation coefficient between Oy et Oz parameters in the MCMC distribution, for various localization experi-
ments.

media (heterogeneous and high permittivity : bark/hay and snow), indicating that multipath-rich
environments also reshape the cost function’s main directions. The higher correlation in the 3D
case is also an effect of the trajectory, which is not symmetrical nor uniformly sampled. This
highlights the necessity to identify eigenvectors of the MCMC distribution and compare them to
the usual horizontal-vertical directions.

6. Conclusion and perspectives

This paper presents various advances aiming towards centimeter localization with SAR-RFID
devices, in outdoor conditions. The feasibility of localization under vegetation and snow cover
was demonstrated, and limitations concerning moisture content and medium homogeneity were
highlighted. Localization errors under vegetation do not exceed 5 cm in the vertical direction,
and 1 cm in the horizontal plane. Under snow, the vertical localization error was about 10 cm, and
4 cm in the horizontal plane. Two cost functions were compared for SAR inversion, highlighting
that guided phase unwrapping resolves ambiguities, but lowers the vertical precision. Three an-
tenna tracking methods were compared, namely tacheometry / RTK / PPK and showed that PPK
was best suited for landslide monitoring purposes. An optimization algorithm based on Markov-
Chain Monte Carlo was employed for inversion, providing both high accuracy and estimation
of parameter covariance. Real-time measurements performed with a handheld SAR-RFID struc-
ture, demonstrated centimeter accuracy and precision in the horizontal plane. As expected the
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vertical accuracy of SAR-RFID is the lowest and most sensitive to multipath interference from
the propagation environment. Various solutions to this issue could be for example : a diversified
trajectory lowering the sensitivity to vertical direction, or the use of a lidar or accelerometer to
provide a more stable vertical position.

This study of SAR-RFID systems suggests interesting perspectives of improvement, notably by
improving antenna positioning using for example GPS-IMU fusion, and of course real UAV
monitoring on landslides. As a side-use, this method could also be used for material sensing
by exploiting the RF disturbance of snow or vegetation. SAR-RFID approach is promising for
landslide surface monitoring. More experiments are needed in vegetated and snowy environ-
ments, especially in humid scenarios. UAV measurements showed that research efforts should
be dedicated to estimate and correct the lever-arm effect from GNSS rover to antenna center.
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