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Fig. 10. Illustration of the indoor
map of the experimental site.

Fig. 11. Illustration of the user in-
terface of site survey.

Fig. 12. Illustration of positioning
scheme selection.

Fig. 13. Illustration of the position-
ing result shown on Android app.

campus WiFi infrastructure mounted on the ceiling. In other
words, the APs observed and used for positioning in this paper
are existing and deployed by the university to provide the
Internet access, rather than deployed explicitly for experiments
of indoor positioning. Empirically speaking, there are around
two-thirds of APs deployed in the six-floor building where the
experiments are c, and the other one-third of APs are from
other surrounding buildings.

The performance of the work in this paper is evaluated
from two aspects, positioning accuracy and energy efficiency.
The benchmark is the raw AP RSS approach used by most
systems nowadays. The proposed work of this paper, Beacon
AP and Spatial Signal Constraint, are deeply evaluated by
comparing with the raw AP RSS approach. Because the differ-
ent positioning approaches need to be evaluated in the same
environment and evaluation points, the benchmark approach
and proposed schemes are implemented and evaluated under
the same condition. The different positioning schemes are
implemented in the Android app and allow users to select
on the setting menu. In raw RSS scheme, reference points
are sampled approximately every 3-5 meters, and each RP is
trained for around 10 seconds. In the Beacon AP RSS scheme
involving sibling signal patterns, the environment is profiled
by site survey at a steady speed (about 1 meter per second),
as shown in Fig. 10. The user interface of the site survey
service running on a mobile phone is shown as Fig. 11. In
the positioning stage, no matter what scheme is applied, the
positioning result is shown as a red dot on the map, as shown
in Fig. 13. To evaluate the accuracy, ground truth is marked by
tapping the real location on the map and saved into positioning
logs. Location error is defined as the Euclidean distance from
the estimated location to ground truth. Meanwhile, some other
data such as real-time observed APs and candidate RPs in
positioning algorithm are also recorded into positioning log
sat in SQLite database.

B. Effectiveness of Beacon APs
As the RSS variance is a significant problem of WiFi-

based positioning, the effectiveness of sibling signal pattern

is evaluated against different device setups. As described in
Table II, two devices with different physical setup and software
setting are employed to evaluate positioning performance
while the site survey is conducted by Huawei P9. As shown
in Fig. 14, in this test Beacon AP RSS leads raw RSS in
the overall performance. Beacon AP RSS scheme provides
positioning result within 2 meters from the ground truth in
over 90%. The maximum location error distance is reduced by
2 meters to just over 3 meters against raw RSS scheme. The
critical point is how two different schemes are affected in M4
setup. Based on raw RSS the location error is amplified when
the MH running positioning module is not the MH performed
the site survey. Under such situation using Beacon AP RSS,
the positioning accuracy is also affected, but just a small drop,
which reveals Beacon APs generated by sibling signal patterns
are more robust to device variance.

TABLE II
DEVICE SETUPS

Setup Device Model Platform Version WiFi Scan Frequency
P9 Huawei P9 Android 6.0 every 4s
M4 Xiaomi 4 Android 5.0 every 6s

Since the Beacon APs are generated based on RSS ob-
servations collected in the movement while the raw RSSs
are collected in the stationary, the positioning accuracy is
evaluated in both stationary and moving state. As illustrated in
Fig. 15, Beacon AP RSS scheme offers the best performance
when the MH is in movement. When the Beacon AP RSS
scheme is used in the stationary, the performance decreases
a bit, and its maximum error distance overtakes raw RSS
scheme in the stationary. We believe the Beacon AP RSS
scheme performs better in the movement because the Beacon
APs and their RSSs are generated from RSS observations in
the movement. While the raw RSS scheme in the movement
performs worst. From which we can see Beacon AP RSS
scheme are more suitable for application scenarios of moving
MH.
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Fig. 14. CDF of location error distance using
different device setups.
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Fig. 15. CDF of location error distance in different
usage scenarios.
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Fig. 16. CDF of location error distance using
different SCC ratio in selective searching scheme.
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Fig. 17. CDF of number of candidate RPs using
different SCC ratio in selective searching scheme.
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Fig. 18. Plot of bar chart showing the number of
APs of raw APs detected and Beacon APs generated
at some of path segments in the experimental site in
offline site survey.
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Fig. 19. CDF of the number of candidate RPs from
positioning log.

C. Effectiveness of Signal Coverage Constraint

The selective searching scheme utilizes the signal coverage
of APs to narrow down the search space by filtering the candi-
date RPs through the SCC ratio. To evaluate the effectiveness
of signal coverage constraint and the influence of different
SCC ratio, experiments of robust searching scheme and selec-
tive searching scheme using different SCC ratio are conducted.
As the CDF shown in the Fig. 16, the robust searching scheme
(i.e., none SCC) performs worst overall and with the maximum
error distance of more than 12 meters. With signal coverage
constraint, the accuracy is improved dramatically. Even though
with SCC ratio of 40%, the maximum error distance is reduced
to around 6 meters. With the increase of SCC ratio, the
accuracy keeps increasing. When the SCC ratio is 80%, the
accuracy is within 1 meter in all cases, which means the
estimated location is always the nearest RP. The change of
positioning accuracy affected by SCC reveals that constraining
the estimated location through the signal coverage of APs can
give the positioning accuracy huge boost, especially it can
reduce the maximum error distance significantly.

The signal coverage constraint can improve the positioning
accuracy massively, but it can lead to the problem that no
candidate RP matches the online measurements, and hence no
estimated location can be provided. In the positioning phase,
for every location estimation job when the latest WiFi scan
results are available, the number of measured APs, number
of APs used in estimation and the candidate RPs are saved
into logs. The Fig. 17 illustrates the CDF of the number of
candidate RPs occurred when it is filtered using different SCC

ratio. From which we can see that, with the increase of SCC
ratio the probability that no candidate RPs are available is
increasing at a growing pace. When the SCC ratio is 80%
there is about 60% probability that no positioning result can
be given. Thus, a trade-off between accuracy and availability
is existing, and we think SCC ratio of 60% is the best choice.

D. Efficiency Comparison

Apart from positioning accuracy, the system efficiency is
becoming another significant concern in the real-world deploy-
ment. In the site survey stage, the Beacon AP RSS approach
can cover corridor of 20-meter length for less than 30 seconds.
However, the traditional predefined RP iteration method can
take more than 5 minutes depending on the grid size of RPs
and sample size at each RP.

As the plot in Fig. 18, compared with the size of all raw
APs detected, by using Beacon APs as the fingerprints of
RPs the number of APs is reduced dramatically. At each path
segment, the number of APs is only about one-fifth of all raw
APs detected, which can reduce the dimension of fingerprint
database significantly.

In the positioning stage, the RSS matching algorithm that
calculates the similarity between RP and real-time RSS obser-
vation spends most computational resource and energy [23].
The computation cost of RSS matching algorithm mainly
depends on the size of RSS vector (i.e., the number of APs)
and the number of candidate RPs to search for the best-
matched location. As shown in Fig. 19, the number of APs
used for location estimation in the Beacon AP approach is
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about 30% of that using raw AP. Using Beacon AP reduces
the size of RSS vector to less than 20 in most cases. With the
assistance of signal coverage constraint, the size of candidate
RPs is also decreased significantly, as illustrated in Fig. 17.
Beacon AP and SCC together reduce the computation cost
dramatically.

IX. CONCLUSION AND FUTURE WORK

In this paper, the sibling and spatial signal patterns are
investigated. A positioning approach using Beacon APs and
signal coverage constraint is proposed and shows better per-
formance in both positioning accuracy and efficiency. In the
experiments, for the path segment which is relatively short-
distance, it has just a few number of RSS observations, in
which case the Beacon AP cannot be generated, so other
strategies like limiting the minimum length of path segment
are necessary to be considered in the future work.
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