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Fig. 7. Estimated trajectory for the benchmark scenario using Samsung
Galaxy Note 8.

with an Intel AC8260 Wi-Fi device and they respond to
ranging requests from mobile devices (i.e., FTM initiators).
Each FTMR operates on a 5 GHz band using Wi-Fi channel 40
or 48, and the bandwidth for ranging is configured to 40 MHz
as default. All FTMRs are installed on top of cubicles or in
the conference room instead of on the ceiling.

The list of mobile devices used in this experiment is
summarized in Table I. Among many devices we tested, only
the Google Pixel devices running on Android 9 or above
supported the FTM protocol. For this reason, we evaluated the
positioning performance of RTT-based ranging scenarios using
the Google Pixel devices and the performance of RSS-based
ranging scenarios using the other devices in the table. A real-
time Android application was implemented for the experiment,
where the implementation details related to Wi-Fi ranging
procedures were discussed in [8].

The application scans only Wi-Fi channels 1, 6, and 11
on a 2.4 GHz band using the customized RSS scan method
to quickly obtain RSS measurements [53]. This enables us to
obtain RSS measurement results every 500 ms for almost every
device. Similarly, the RTT-based ranging results also can be
obtained less than 500 ms for the Google Pixel series. For the
PDR module, we collected the accelerometer and gyroscope
readings using a sampling rate of 100 Hz. Every operation,
such as orientation estimation of the device, initial calibration,
KF for state estimation, was implemented in the real-time
application. A demo video is available online [54].

B. Positioning with RSS-Based Ranging and PDR

For performance comparison, we first consider a benchmark
scenario, where every parameter in the system is perfectly
optimized to produce the best results for the test path shown in
Fig. 6. We remind that the set of ranging and PDR parameters
are given by Orss = {Fo,n} and ©ppr = {0, Yo, Pref, 4},
respectively. In the benchmark scenario, we performed the Wi-
Fi ranging procedure as rapidly as possible (i.e., every 500 ms)
to observe the best achievable positioning performance. The
ranging parameters were optimized by collecting RSS mea-
surements along the test path. Because the true coordinates
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Fig. 8. Example of initial calibration step: (a) estimated trajectory, (b) cost
function and start position accuracy, (c) ranging parameters, and (d) PDR
parameters.

TABLE 11
BENCHMARK PARAMETERS AND ONLINE CALIBRATION RESULTS FOR
THE RSS-BASED RANGING SCENARIO

Device # 1 2 3 4
Benchmark Py [dBm] -37.2 297 254 -28.7
Benchmark PLE 3.80 3.54 3.68 3.66
Benchmark « 0.54 0.54 0.56 0.53
# Iterations (initialization) 1770 2571 2354 2572
Computation time [ms] 578 459 413 418
Initial Py [dBm] -459 -353  -295  -30.0
Initial PLE 2.86 2.86 3.19 3.34
Initial « 0.51 0.53 0.53 0.52

# Iterations (ranging module) 98 122 106 97
Computation time [ms] 818 465 400 437
Last Py [dBm] -36.0 -262 235 -25.1
Last PLE 3.70 3.70 3.67 3.78
Last o 0.55 0.54 0.55 0.52

of the device were also measured to evaluate the positioning
performance, we could have actual distance corresponding to
each RSS measurement. Therefore, the optimal ranging pa-
rameters were selected to have the minimum NMSE between
the estimated and actual distances. If another test path is
used to evaluate the performance, we can follow the exact
same process to find optimal parameters that produce the best
performance on that test path.

To select optimal parameters in the PDR module, we
assumed perfect alignment of the reference heading direction
and perfect start position of the device. After that, we selected
a step length coefficient o between 0.3 and 0.7 and evaluated
the proposed KF-based positioning performance with each
selected «. Among the many values of «, we selected an
optimal one that achieved the best positioning performance in
terms of average accuracy. Fig. 7 illustrates an example of the
estimated trajectory of the benchmark scenario for a selected
device (i.e., Samsung Galaxy Note 8). The figure indicates
that the start position and the reference heading direction are
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Fig. 9. Example of the proposed online calibration method: (a) estimated trajectory, (b) ranging parameters, and (c) PDR parameters.
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perfectly given so that the estimated trajectory completely
overlaps the test path at the very early stage. The green area
represents the 2 m error region, meaning that all points in this
region are up to 2 m away from the nearest point in the test
path. Table II summarizes the choice of optimal parameters
for the benchmark scenario.

Unlike the benchmark scenario, the proposed method opti-
mizes every parameter in real-time. For the initial calibration,
the application performs the Wi-Fi ranging procedure when the
first B = 8 steps are detected (This usually takes 4 s). After
the last Wi-Fi ranging procedure, the application conducts the
initial calibration procedure described in Section IV-A. In this
experiment, we set the learning rate as A = 0.001 and the
maximum iterations as 5000. In addition, if the parameter
update can not improve the cost by more than 0.1% over 10
iterations, the initial calibration is terminated early.

Fig. 8 illustrates the initial calibration results for the same
device used to generate the results shown in Fig. 7. The
initial value for each parameter was arbitrary given as Py =
—40 dBm, n = 2, ¢,y = 0, and o = 0.5. Furthermore,
the start position of the device was simply initialized as the
coordinates of the AP with the strongest RSS measurement.
According to the early stopping criteria, the initial calibration
procedure was stopped at 2571 iterations, which took only
427 ms on the device. Fig. 8(a) shows the estimated trajectory
after 0, 50, 100, 800, and 2500 iterations. The estimated

Elapsed time [s]
(b)
10. Positioning performance of the irregular Wi-Fi ranging scenario with different values of threshold: (a) p = 0.2, (b) p = 0.4, and (c) p = 0.8.
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trajectory of the device gradually approaches to the test path as
the number of iterations increases. Fig. 8(b) indicates that the
cost decreases with the iteration as parameters in the ranging
module and the PDR module are optimized, as shown in
Fig. 8(c) and (d), respectively. After the initial calibration, the
parameters for the device were given by Py = —35.3 dBm,
n = 2.86, and o = 0.53. The initial calibration results for
other devices are also summarized in Table II.

Beginning with the initial parameter estimates, the appli-
cation continues to update all parameters. Using the same
assumption as the benchmark scenario, we first considered an
excessive Wi-Fi ranging scenario by simply assigning p = 0.
The application executes the self-calibration procedure for the
ranging module every 30 s; thus, the ranging parameters were
updated relatively slowly, as shown in Fig. 9(b). However, the
parameters in the PDR module are updated whenever new Wi-
Fi ranging results are available. Therefore, these parameters
were updated more frequently, as shown in Fig. 9(c).

To improve memory efficiency and computation complexity,
we used only up to 100 latest Wi-Fi ranging results for
the self-calibration procedure. Furthermore, the same learning
rate and the same early stopping criteria were applied for
the ranging calibration. In general, each ranging calibration
procedure completed within relatively short iterations as they
began with the previously optimized parameters. For instance,
the self-calibration procedures completed in 123 iterations on
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Fig. 11. Estimated trajectories of all devices: (a) benchmark scenario, (b) proposed method with p = 0, and (c) proposed method with p = 0.8.
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Fig. 12. Performance depending on the ranging threshold: (a) mean absolute error, (b) mean ranging interval, and (c) cumulative density function of positioning

accuracy.

average, which took 427 ms on average on the device. The
average ranging calibration iterations and computation time
for each device are summarized in Table II. In addition, the
lastly updated parameters are also summarized in the table.

In addition to the excessive Wi-Fi ranging scenario, we
evaluated the positioning performance using irregular ranging
scenarios. Fig. 10(a), (b), and (c) depict the estimated trajec-
tory of the device with different values of p. The sub-figure
located under each estimated trajectory represents the ranging
procedure indicators, where the black bar indicates that the
ranging procedure was executed. The larger the threshold
used, the less often the ranging procedure was executed,
which improves battery life and network performance while
sacrificing the positioning accuracy. Other devices addressed
the same trend. Fig. 11 depicts the estimated trajectories of
all devices used in the experiment for the benchmark scenario
and the proposed method with p = 0 and 0.8 scenarios.

We can quantitatively analyze the performance depending
on the value of the ranging threshold. The main positioning
accuracy evaluation metric in this paper is the mean absolute
error (MAE), which is defined by MAE = E[||p — p*||]
with the true position of the device p*. In addition, the root
mean squared error (RMSE), which is defined by RMSE =

E[||p — p*||?], and the 75 percentile accuracy can also be
used to evaluate the positioning accuracy. The other evaluation
metric can be the mean ranging interval. Note that the burst
Wi-Fi ranging procedures for the initial calibration are not
counted in the computation of the mean ranging interval.

Fig. 12(a) shows that the MAE of each device tends to

TABLE 1II
POSITIONING PERFORMANCE WITH RSS-BASED RANGING AND PDR

Device # 1 2 3 4 Mean

4 Mean ranging interval [s] 0.5 0.5 0.5 0.5 0.5
;é MAE [m] 115 099 1.14 1.09 | 1.09
S RMSE [m] 131 117 134 122 | 1.26
s 75%-tile error [m] 151 146 143 152 | 148
- Mean ranging interval [s] 0.5 0.5 0.5 0.5 0.5
2° MAE [m] 159 139 142 113 | 1.38
@QL RMSE [m] 175 161 166 131 | 158
~ 75%-tile error [m] 214 190 2.09 1.52 1.91
S Mean ranging interval [s] 5.8 4.7 4.6 5.0 5.0
23 MAE [m] 213 150 170 230 | 191
&l RMSE [m] 235 165 192 251 | 211
R 75%-tile error [m] 274 193 240 3.03 2.53
= Mean ranging interval [s] | 22.5 262 214 18.8 222
2o MAE [m] 270 273 182 2.62 | 247
&l RMSE [m] 3.09 292 204 283 | 272
&S 75%-tile error [m] 3.66 347 245 349 | 327
S Mean ranging interval [s] | 49.5 50.0 619 527 535
2c MAE [m] 251 270 283 3.04 | 277
&l RMSE [m] 277 326 318 356 | 3.14
= 75%-tile error [m] 350 438 395 434 | 404

increase with the ranging threshold. This is because a larger
p invokes Wi-Fi ranging procedure less frequently, as shown
in Fig. 12(b). Between consecutive Wi-Fi ranging procedures,
the positioning of the device relies solely on the PDR module
based on the lastly updated parameters. Hence, if the latest
estimate of the reference heading direction is not accurate,

Copyright (c) 2020 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



This is the author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.

The final version of record is available at

http://dx.doi.org/10.1109/JI0T.2020.3004774

TABLE IV
BENCHMARK PARAMETERS AND ONLINE CALIBRATION RESULTS FOR

RTT-BASED RANGING SCENARIO
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Fig. 13. An example of initial calibration step: (a) estimated trajectory, (b) cost
function over time, (c) ranging parameters over time, and (d) PDR parameters
over time.

the PDR module generates a slightly wrong trajectory until
it is corrected with the next Wi-Fi ranging results. Fig. 12(c)
shows the cumulative density function (CDF) of positioning
accuracy. For this figure, positioning results from all devices
were combined together for each CDF curve. For the excessive
Wi-Fi ranging scenario, the proposed method closely achieved
the benchmark positioning result, even without calibrating
any parameters in advance. As a larger p was applied, the
CDF curve shifts right from the benchmark CDF. Finally, the
positioning performance of RSS-based ranging and PDR is
summarized in Table IIL

C. Positioning with RTT-Based Ranging and PDR

Subsequently, we verified the performance of RTT-based
positioning with newly installed FTMRs and the Google Pixel
devices. As a default setting, these devices exchange FTM
packets eight times for a single ranging request and report the
average ranging results as a measured distance between the
devices. Similar to the previous experiments, we first evaluated
the performance of a benchmark scenario, where every ranging
and PDR-related parameter is perfectly selected. To calibrate
the FTM protocol, we used a linear calibration polynomial
for simplicity. Therefore, the set of ranging parameters is
given by ©Ogrr = {c1,c0}. For the benchmark scenario,
we selected optimal coefficients to have the minimum MSE
between the calibrated and actual distances. In addition, the
reference heading direction and step length coefficient were
selected in the same manner from the previous experiment.
We also assumed the excessive ranging scenario that performs
ranging procedure every 500 ms for the benchmark scenario.

On the other hand, the proposed online calibration method
optimizes every parameter during the application operation.
Almost the same conditions from the previous experiments
were used in this experiment. For instance, we performed
B = 8 times ranging procedures for the initial calibration

Device # 5 6 7 8
Benchmark ¢ 0.81 0.85 0.87 0.94
Benchmark ¢ -1.40 273 -229 -5.00
Benchmark « 0.53 0.55 0.53 0.54

# Iterations (initialization) 2638 2745 1457 2232
Computation time [ms] 368 268 98 121

Initial ¢ 0.84 0.93 0.98 0.89

Initial cg -1.36  -4.61 -4.55 2.64

Initial « 0.54 0.55 0.52 0.53

# Iterations (ranging module) 86 181 194 87
Computation time [ms] 376 671 564 195
Last ¢; 0.82 0.85 0.87 0.85

Last co 342 386 -336 -4.03

Last 0.51 0.55 0.54 0.52
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Fig. 14. An example of initial calibration step: (a) estimated trajectory, (b)
ranging parameters over time, and (c) PDR parameters over time.

step and used a learning rate of 0.001 for both the initial and
self-calibration procedures. The initial values for the ranging
parameters were given by ¢; = 1 and ¢y = 0. In addition,
the self-calibration procedure for the ranging module was
executed every 30 s using up to 100 latest Wi-Fi ranging
results. Additionally, the same early stopping criteria were
applied to both initial and self-calibration steps.

Fig. 13 illustrates the initial calibration results for a selected
device (i.e., Google Pixel 3). As the initial calibration iteration
increases, the parameters in the system are jointly optimized
to minimize the cost, as shown in Fig. 13(a). The initial cali-
bration procedure was terminated with 1457 iterations, which
took only 98 ms on the device. The benchmark parameters
and initial estimates of parameters using the proposed method
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Fig. 16. Performance depending on the ranging threshold: (a) mean absolute error, (b) mean ranging interval, and (c) cumulative density function of positioning

accuracy.

are summarized in Table IV.

Fig. 14 depicts an example of the online calibration pro-
cedure. Fig. 14(a) illustrates the estimated trajectory of the
device using the proposed method with the excessive Wi-Fi
ranging scenario. Note that the green area now indicates a
1 m error region. Fig. 14(b) and (c) indicate that the ranging
parameters are updated every 30 s, whereas the parameters in
the PDR module are more frequently updated with the Wi-Fi
ranging results. Similar to the experiments for the RSS-based
ranging scenario, each self-calibration procedure completed
within a small number of iterations. The average number of
iterations and average computation time for the self-calibration
procedure are also summarized in Table IV.

Fig. 15 illustrates the estimated trajectories of every device
for the benchmark scenario and proposed online calibration
scenarios with p = 0 and 0.8 scenarios. Every trajectory in
the benchmark scenario is precisely aligned to the test path in
the initial stage. Fig. 15(b) indicates that the proposed method
with the excessive ranging scenario also produces accurate
trajectories for all devices. However, the estimated trajectories
with p = 0.8 produces more errors as the Wi-Fi ranging
procedure is less frequently executed.

Fig. 16(a) depicts the MAE performance for every device
with different ranging threshold values. Although a larger p
results in more accurate positioning performance for some
scenarios, the general trend is that the MAE increases with
the ranging threshold. Fig. 16(b) indicates that the mean rang-
ing interval increases with the ranging threshold. Fig. 16(c)
illustrates the CDF of positioning accuracy of the benchmark
scenario and the proposed method with different p values.

TABLE V

POSITIONING PERFORMANCE WITH RTT-BASED RANGING AND PDR
Device # 5 6 7 8 Mean

é Mean ranging interval [s] 0.5 0.5 0.5 0.5 0.5
E MAE [m] 1.03 059 120 090 | 093
Q RMSE [m] 1.18 0.67 132 097 1.04
2 75%-tile error [m] 149 083 1.69 1.12 1.28
- Mean ranging interval [s] 0.5 0.5 0.5 0.5 0.5
%‘ﬁ MAE [m] 127 113 081 094 1.04
§Q RMSE [m] 141 125 092 1.05 1.16
A 75%-tile error [m] 1.67 158 1.01 132 1.39
Sy Mean ranging interval [s] | 1.01 1.89 195 1.64 1.62
%d MAE [m] 139 170 191 1.10 1.52
el RMSE [m] 156 1.84 204 127 | 168
A 75%-tile error [m] 1.83 192 265 172 | 2.03
- Mean ranging interval [s] | 3.65 7.90 847 6.96 6.74
%d MAE [m] 142 1.80 209 137 1.67
el RMSE [m] 1.88 186 221 156 | 1.88
A 75%-tile error [m] 217 219 264 221 2.30
oo Mean ranging interval [s] | 16.6 23.7 254 247 22.6
%d MAE [m] 264 157 178 1.59 1.89
el RMSE [m] 279 174 213 170 | 2.09
=h 75%-tile error [m] 314 193 284 209 | 250

When the ranging procedure is executed at the same frequency
as the benchmark scenario, the positioning accuracy of the
proposed method closely approaches to that of benchmark
performance, although the parameters are optimized in real-
time. In addition, the figure indicates that the CDF curve of
the proposed method shifts to the right as a larger p is applied.
Finally, the positioning performance with RTT-based ranging
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and PDR is summarized in Table V.

VI. CONCLUSION

In this study, we investigated the online parameter cali-
bration technique that optimizes every parameter in Wi-Fi
ranging and PDR modules in real-time. The performance of
the proposed method was extensively verified using various
mobile devices for both RSS and RTT-based ranging sce-
narios. Although the proposed method did not perform any
prior calibration procedures, the positioning accuracy closely
approached that of the benchmark performance, where every
parameter was selected in an optimal manner. We believe that
the proposed method can be modified in various ways. For
instance, the self-calibration of the ranging module can be
skipped if the ranging module is correctly calibrated or, if the
user visits a previously visited site, the ranging parameters
can be initialized according to the last calibration results
under the same site. In addition, this paper also discussed an
efficient way of performing irregular Wi-Fi ranging procedures
to improve battery life and network performance. This method
can also be modified more sophisticatedly, for instance, the
application may initiate the Wi-Fi ranging procedure when
the device encounters an unexpected situation.
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