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ABSTRACT
Despite the large literature on localization, there is no solution
yet to localize a commercial off-the-shelf smartphone device using
radio measurements from a single WiFi AP. We present SPRING,
Smartphone Positioning with Radio measurements from a sINGle
wifi access point. SPRING exploits Fine Time Measurements (FTM)
and Angle of Arrival (AOA) extracted from commercial chipsets ex-
ploiting the specifications of the recent 802.11-2016 and the 802.11ac
amendment to combine distance and direction from the AP to the
client for positioning. Our system has the potential to bring indoor
positioning to homes and small businesses which typically have a
single access point. We exploit physical layer (PHY) information to
detect the number of paths and their directions. We use this infor-
mation to derive a new method for filtering ranging measurements
obtained with the FTM protocol. We achieve sub-meter distance
estimation accuracy eliminating the adverse effect of multipath
in FTM using calibrated inputs from Channel State Information
(CSI). Our evaluation in indoor scenarios in multipath rich environ-
ments demonstrates that the combination of AOA estimation and
the proposed FTM refinement approach can locate a Google Pixel 3
smartphone with a median positioning error of 0.9-2.15 m through
an area comparable to typical flat sizes.
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1 INTRODUCTION
Indoor positioning has attracted a lot of attention from the research
as well as industry communities. Due to the limitation and com-
plexity of the indoor environment, the problem of bringing indoor
positioning to homes and small businesses which typically have a
single Access Point (AP) remains open. Accurate indoor position-
ing can be achieved using different approaches such as the signal
strength [1, 3, 7, 13, 23], Angle of Arrival (AOA) [6, 12, 19, 22],
time-based ranging [5, 14, 16, 21] or combining WiFi signals with
inertial sensors as found in smartphones [15, 17]. While localizing
a client with a dense network of APs has been solved [12], early at-
tempts to operate with a single AP assume that the WiFi chipset in
the AP can continuously change its frequency of operation [2, 20].
However, commodity smartphones do not have this feature, which
is not supported by any 802.11 standard. [15] operates with a single
AP, but requires the access to inertial sensors of smartphones and
extensive manual calibration per user. All the above factors limit
the deployment of these approaches at larger scale.

In this work, we introduce SPRING, Smartphone Positioning
with Radio measurements from a sINGle wifi access point. First,
it takes advantage of the 802.11ac standard, exploiting in 80MHz
bandwidth the PHY layer information called Channel State Infor-
mation (CSI), obtained frommultiple antennas in a single AP. These
chipsets come with problems of calibration before being used to
extract high-resolution AOA. Second, recently, IEEE 802.11-2016
standardized [10] the FTM protocol to supports time-based WiFi
ranging techniques. So far, there have been few studies of such
ranging system, with limit investigation of methods to alleviate the
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(a) Before phase calibration
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(b) After phase calibration
Figure 1: MUSIC estimations in the anechoic chamber.

multipath. Based on corrected input data, SPRING measures the
angle and the distance from a single AP to a commercial off-the-
shelf smartphone (Google Pixel 3), showing for the first time the
feasibility to locate a smartphone in typical indoor environments
only with measurements performed by the single AP.

The paper is organized as follows. First, we describe how to
obtain AOA estimations from CSI. We then discuss our proposed
solution to avoid the phase calibration issue related to the WiFi
chipset, showing how well it alleviates the phase error. Next, as
FTM is a new feature from the 802.11 standard, no model to treat
the noise has been presented so far. We analyze the key factors
and parameters that affect the ranging performance using the FTM
protocol and introduce a model to treat the noise in FTM measure-
ments. We mitigate the impact of multipath in FTM measurements,
developing an estimator that receives calibrated inputs from CSI.
We also compare our estimator with other techniques, showing
performance improvements. Finally, we evaluate SPRING and we
demonstrate using only commodity hardware that the target device
can be localized across two different experimental testbeds with a
median accuracy between 0.9 and 2.15 meters in areas up to 125
m2.

2 CHANNEL STATE INFORMATION
This section presents how to obtain CSI measurements with the
proposed hardware, presented in Section 5.1, and how to estimate
the AOA.

2.1 From CSI to AoA estimate
We obtain the AoA from the CSI, available in the PHY layer. The
reported CSI is a matrix containing one complex number per sub-
carrier and per received antenna at the AP. We use multiple signal
classification (MUSIC) algorithm [18] to identify the strongest angle
of arrival. This technique performs the subspace decomposition of
the autocorrelation matrix.

2.2 Measurements in Anechoic Chamber
Our first experimental setup consists of a custom lab prototype as
AP and a raspberry Pi with an external dongle for supporting the
802.11ac standard configured as STA. We start with the anechoic
chamber as indoor scenario, in order to avoid multipath. More
in details, the STA is connected to the AP through channel 112
at 5.56GHz as carrier frequency. The device gives the ability to
configure the number of subcarriers (Ns ) sending data, typically
used by the Compressed Beamforming Feedback Matrix in 802.11ac
for beamforming. We select the highest number of subcarriers (234),
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Figure 2: A snapshot of CSI unwrapped phases for each an-
tenna, at 0◦.

which allows us to get the highest resolution in the analysis of the
spectrum. In this setup, we fix the STA in the middle of the room
and rotate the AP in order to span an angle of π , from −π

2 to +π2 ,
where 0◦ corresponds to the normal direction of the antenna array
elements, which are placed as Uniform Linear Array (ULA) with a
distance of λ/2 between antennas. More specifically, we conduct
36 experiments, every 5◦, and for each of them we collect around
165 CSI samples. Fig. 1a shows the true AOA versus the estimated
AOA in degrees, and illustrates a calibration issue that introduces a
bias in all estimations. This phenomenon is due to a phase shift in
each antenna for all Ns subcarriers.

2.3 Phase Calibration
In this subsection, we propose a solution to correct the bias shown
in the previous subsection, without involving any theoretical model.
The principle behind is that, due to the far field assumption of a
received single path CSI, at 0◦ measurements all the phases are sup-
posed to be overlapped, for all antennas and over all Ns subcarriers.
As shown in Fig. 2a, the CSI unwrapped phases of all 4 antennas
are shifted, and for this reason we estimate another AOA (∼ 24◦).

To correct this shift, we evaluate the phase difference between
all antennas and all sub-carrier with respect to the measurements
at the first antenna at 0◦ only, given by the vector

∆φm = ∠(CSIm · CSI1), (1)

wherem is the antenna index and CSI1 is the complex conjugate of
vector CSI1.

For each antenna and subcarrier, we then calibrate the CSI as
follows:

calibrated CSIm = CSIm · e−j∆φm . (2)

Doing so, we obtain the required overlap, as shown in Fig. 2b, where
the difference between the unwrapped phases of all antennas is
close to zero. In Fig. 3, the solid line shows the evolution of the
median of ∆φ for each antenna over the set of samples S (one
sample is collected per packet). Based on Eq. 2, the median of ∆φ1
is 0 for each packet, and the median over all packets of the median
of ∆φ across all subcarriers is

∆φm = [0,−1.976,−2.532, 2][rad],with m ∈ {1, .., 4}.

Fig. 1b shows the true AOA versus the “calibrated” AOA estima-
tion, highlighting the benefit of the proposed CSI phase calibration.
Doing so, the estimated AOA well matches the true AOA. This
procedure is necessary only once.
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Figure 3: Median of ∆φ for each antenna.

3 FINE TIME MEASUREMENTS
In this section we provide the background on the FTM protocol
of the IEEE 802.11-2016 standard and we model the detected FTM
noise.

3.1 IEEE 802.11mc Background
IEEE 802.11-2016 standardized the FTM protocol to enable a pair
of WiFi chipsets to estimate the distance between them. A FTM
initiator (FTMI) is a STA that initiates the FTM process by sending a
FTM Request to a corresponding AP. An AP that supports the FTM
procedure as a responding device is called a responder (FTMR).
If the AP agrees to perform the measurements, it starts to send
FTM message and wait for its ACK. The Round Trip Time (RTT) is
estimated based on the transmission timestamp of the FTMmessage
and the reception timestamp of its ACK. In the computation, the
protocol subtractes STA processing time from the total round trip
time. Yet, as all localization systems performing active wireless
measurements, data retransmissions are possible due to collisions.
It follows that interference tends to increase the time required to
obtain a sufficient number of messages for localization.

3.2 FTM Sources of Noise
Signal propagation in rich indoor environments is subject to mul-
tipath effects where multiple coherent copies of the transmitted
signal arrive at the receiver over different reflected paths. It is even
possible that the direct component is severely attenuated and the
signal is received mostly over reflected paths. Since signals that
travel over reflected paths will take longer time to arrive at the
receiver, they introduce an error in the distance estimation when
considering the time-of-flight.

We define the following function y for a path i ∈ L, where L
denotes the set of paths to the target station (FTMI):

y = log10
(
di
)
+N (0,σN ) di ≥ d0. (3)

N (0,σN ) represents an additive Gaussian noiseN , with a standard
deviation σN , and d0 is equal to 1 m. This expression is inspired by
the path loss model with the log-normal distribution that represents
the shadowing effect.

Now, let S be the set of samples. We express the generic FTM
sample as:

di,s i ∈ L, s ∈ S. (4)
Based on the model in eq. (3), in Section 4.1 we will introduce the
first path estimator f to mitigate the effects of the main sources of
noise in the channel. The estimator will operate in the log domain,
i.e., loд10 (di,s ).

Figure 4: Hybrid FTM/AOA approach.

Furthermore, the RTT for short distances returns negative val-
ues, underestimating the true distance. Since multipath can lead
to longer paths, we believe that this effect, that allows the signal
to arrive earlier than expected, is due to a post-processing in the
firmware. In this paper, we correct the offset using the experimental
value in [9]. However, even after correcting the fixed offset, the
ranging system may give di,s smaller than d0. As such, we add a
constant factor for the purpose of operating in the log domain, such
that it is larger than d0 for a sequence of samples.

4 HYBRID FTM/AOA SYSTEM
In Fig. 4 we show the high-level illustration of our hybrid FTM/AOA
localization system. While being associated to the WiFi chipset
performing AOA measurements, the STA sends FTM requests to
the FTMR (using a different WiFi chipset). This is possible since
the protocol allows the initiator to exchange FTM packets without
the need to be associated with a WiFi AP. We collect AOA and
distance measurements from AP AOA and FTMR, respectively, and
post-process the results.

4.1 FirstPath Estimator for FTM
This subsection describes in details the estimator f of the first path.

In eq. (4), each FTM sample di,s is affected by a distance bias
caused by the absence or presence of multipath. Grouping together
the samples with the same bias results in a finite Gaussian Mixture
Model (GMM) in the log domain with a small number of modes.
One of these modes corresponds to the samples received through
the direct path, while the others correspond to the samples received
through to any of the reflected paths.

Then, knowing the number of estimated paths, we can separate
all the Gaussian components, and the median or the mean of the
first Gaussian would be a reliable estimator of the direct path’s
distance. For this purpose, we exploit the PHY layer information.
But we do not invoke MUSIC algorithm as we do for AOA esti-
mation. In fact, even in a single path scenario, the AOA MUSIC
spectrum might present side lobes and furthermore, in the presence
of multipath, the incoming signals are coherent and therefore the
rank of the covariance matrix does not increase in order to be able
to separate them. Consequently, having two incoming paths well
separated in angular domain, we might only detect a single path.
We instead resort to the Matrix Pencil Method (MPM) [8]. Knowing
that the multipath channels are usually modeled in time-domain
as a weighted sum of delayed impulse functions, for each antenna
a, let La be the number of delayed paths, and τl,a and hl,a the
propagation delay and the complex gain of the l-th path, respec-
tively. MPM uses as input the calibrated CSI values from eq. (2), it
operates on the frequency response of the channel and it calculates



Figure 5: Example of the estimator f for a real casewhere the
real distance is 10.73 m. The number of paths, L̂, is the mode
of the estimations provided by theMatrix Pencil Method for
each antenna, and it is given as input to the estimator f that
calculates only the mean of the first log-Gaussian.

with high accuracy the estimated values L̂a , τ̂l,a and ĥl,a . We then
calculate the estimated number of paths as L̂ = Mo(L̂1, L̂2, L̂3, L̂4)
whereMo indicates the most frequent value (mode).

Fig. 5 shows an example of a real case. We observe that the
estimator f estimates the parameters of the components of the
Gaussian mixture very well: the direct path has a traveled distance
of 10.73 m and the estimated mean of the direct path’s distribution is
equal to 10.82 m. It follows that we are able to estimate the distance
of the direct path with an error of only 0.09 m. In Section 5 we
show a comparison between the proposed filter and other metrics.

4.2 Deployment Scenarios
We perform experiments in two indoor testbeds, namely Testbed
I and II. Both are office environments and the maps are shown in
Fig. 6. Testbed I, in Fig. 6a, covers a surface of almost 65m2. We use
27 selected locations (marked as cross) to test our system, and the
propagation is mainly over a line-of-sight (LOS) path. Deploying
a single AP, the number of links is equal to the number of target
STA locations. Testbed II is depicted in Fig. 6b. It covers a space
of around 125m2 and the UE is placed in 35 different positions. In
Testbed II, a mixture of LOS and non-line-of-sight (NLOS) wireless
links are present. Testbed II also contains several obstructions,
including concrete walls and tables (yellow boxes in Fig. 6b) and it
is surrounded by glasses. All experiments are conducted with other

(a) Testbed I. (b) Testbed II.
Figure 6: Testbeds to assess the direction, ranging and posi-
tioning capabilities of SPRING and baseline. Yellow box in
Testbed II corresponds to blockage.

(a) Testbed I. (b) Testbed II.
Figure 7: Normalized histograms of the number of estimated
paths for Testbed I and II.

active WiFi networks in the neighborhood. The PHY information
are obtained on a fixed frequency channel of the 5GHz band. For the
evaluation of our system SPRING we deploy a single AP (’SPRING
AP’, red marker in Fig. 6), while for the evaluation of the proposed
baseline we deploy three FTM-Rs (’FTM AP’, blue circle in Fig. 6).

Furthermore, we highlight the difference in the scenarios com-
plexity showing the number of estimated paths, using MPM, in
Fig. 7. In Testbed I MPM estimates a single path almost 100% of the
time, while in Testbed II it estimates a variable number of paths
(from 1 to 5), due to the mixture of LOS and NLOS wireless links.

5 EVALUATION
In this section, first we introduce the experimental platform and
then we analyze the performance of the AOA estimator, our pro-
posed method for computing ranges and finally positioning of the
STA in Testbed I and II. We deploy the Google Pixel 3 as target STA
in all marked positions, shown in Fig. 6.

5.1 Experimental Platform
An illustration of the commodity hardware we use for the AP is
shown in Fig. 8. The AP is composed by two different commodity
chipsets (although we envision that, in the future, manufacturers
will implement them in the same chipset). Asmentioned in Section 4,
the STA is associated to the chipset performing AOA, while FTM



Figure 8: SPRING AP used for measurements.

does not require association of the STA. Therefore, it is possible to
use the STA for both type of measurements. Three fundamental
components are needed to deploy SPRING: a multi-antennas AP
which enables collection of MIMO CSI, the FTM-R and the FTM-I,
described in details in what follows. In order to collect CSI we use
a QHS8405S4-RDK device, the Quantenna (QTNA) 4x1 Uniform
Linear Array (ULA). QTNA supports PCIe, RGMII and 802.11a/n/ac
protocol. The frequency range is from 5.15GHz to 5.85 GHz and it
supports 20/40/80MHz bandwidth. QTNA enables rapid collection
of precise high-order MIMO channel state information (CSI). The
spatial diagnostics interface is supported on QTNA’s BBIC4 based
platform and it supports extracting up to 4x1 channels with band-
width up to 80MHz, with CSI data from the driver accessed over a
TCP socket. Any WiFi device can be used as the STA.

Regarding the FTM protocol, we choose the fitlet2-CJ3455 plat-
form as responder (FTM-R) since it is an integrated solution in
compact form, which includes the WiFi Intel 8265 chipset. We use
the WiFi Indoor Location Device (WILD) configuration tool which
enables all the configuration files for a FTMR.

As STA, we use the Google Pixel 3 phone with Android Pie (API
Level 28) that supports the FTM protocol. The phone operates as
FTMI for time measurements. The device must have location-based
services enabled at the system level to access the FTM protocol.
We use the android-WifiRttScan application to initiate the measure-
ments. We modify its code to facilitate the data collection, and we
configure it to receive a distance measurement per packet. Its main
activity lists all APs using the WifiManager. By selecting an AP that
supports FTM-R, another activity is launched and RangingRequest
initiated via the WifiRttManager. The activity displays and stores
many of the details returned from the FTMR including the distance
reported between the AP and the smartphone.

5.2 AOA
We collect CSI data once the phone Google Pixel 3 is associated to
the QTNA device. We estimate the AOA according to the methodol-
ogy presented in subsection 2.1. For the estimation of the strongest
path we consider the highest peak in the MUSIC spectrum. We then
evaluate the AOA estimation error in Testbed I and II. From Fig. 9a
we see the Empirical Cumulative Distribution Function (ECDF) of
the AOA error in degrees. Estimating the strongest path does not
mean we are always able to estimate the direct path: the median
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Figure 9: ECDF of AOA estimation error in degrees with and
without phase calibration (9a) and distance estimation error
(9b) for our estimator compared to the median and AIC.

and 80-percentile error are around 4.8◦ and 21◦ for Testbed I, re-
spectively, while 14◦ and 36.5◦ for Testbed II. As shown in Fig. 9a,
the error is reduced significantly with respect to a naive approach
that considers the estimation of AOA without calibration.

5.3 Distance
In order to collect FTM measurements, the FTM-R sends FTM mes-
sage to the phone and waits for the ACK. For this evaluation, we
compute the distance estimation error withM = 20 samples for each
link. Fig. 9 shows the ECDF of the ranging errors, for Testbed I and
II. We obtain a median error of 0.49 m and an 80-percentile error of
0.86 m in Testbed I, while in Testbed II a median and 80-percentile
error of 0.73 m and 1.5 m, respectively. As shown in Fig. 9b, we also
compare the obtained results with both the median and the Akaike
Information Criterion (AIC). The latter is commonly applied to
identify the optimal number of clusters in GMM. We use the lowest
AIC to infer the optimal number of paths [11] and then we use the
path with the least positive mean as ranging estimate. Furthermore,
the results shown in Fig. 9 highlight the difference on the scenarios
complexity. In fact, in Testbed I where the target is in LOS with the
AP, the difference between the proposed first path estimator and
the simple median is not so relevant. In Testbed II the complexity
increases having a mixture of LOS and NLOS wireless links, and so
our solution greatly outperforms other estimators.

5.4 Positioning
In addition to the direction and ranging error, we also study the lo-
calization error.We define a coordinate system on a two-dimensional
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Figure 10: Positioning error in Testbed I and II. Solid lines
indicate SPRING, while dashed lines correspond to the base-
line.

map. Considering a single AP system, let s = (xAP ,yAP ) be the
position of the AP, d̂ the estimate of the distance from AP to the
target and θ̂ the estimated direction between the AP and the target.
We find the coordinates of the estimated position as follows:

p̂ = (x̂ , ŷ) = (xAP + d̂ · cos θ̂ ,yAP + d̂ · sin θ̂ ). (5)

We study the position accuracy of our proposed system, SPRING,
and we compare the obtained results with a baseline composed
by three FTM APs. We consider this a fair comparison, as we aim
to compare the performance with the minimum number of APs
needed to perform positioning: SPRING needs only one AP, while
3 FTM APs are required for multilateration. For the latter, using
the estimated distance from each FTM-R, we make an initial posi-
tion estimate with the Linear Least Squares (LLS) multilateration
algorithm. Then the algorithm makes use of the Non-Linear Least
Squares (NLLS) technique to compute the position from this ini-
tial value. We summarize the results in Fig. 10, where solid lines
indicate SPRING, while dashed lines correspond to the baseline.
For Testbed I, SPRING achieves a median and 80-percentile posi-
tioning error of about 0.9 m and 2 m, respectively, while 2.15 m
and 5 m for Testbed II. On the other hand, we observe that the
baseline system accuracy tends to increase compared with SPRING,
above 60 percentile. In fact, for Testbed I, the baseline achieves a
median and 80- percentile positioning error of about 0.9 m and 1.4
m, respectively, while 2 m and 3.5 m for Testbed II. The reason is
that, for a given deployment scenario, the density of APs plays an
important role, avoiding performance degradation as the distance
from the AP increases. Nevertheless, SPRING, with just one AP, has
similar median positioning error with the respect to a system that
requires three FTM APs.

6 RELATEDWORK
Different system designs, that enable a singleWiFi node (e.g., an AP)
to localize a client, have been proposed. Several techniques require
different frequency bands to give the illusion of a wideband radio [2,
20]. SAIL [15] is a ToF system usingWiFi that has been designed for
localization inmultipath environments. SAIL achievedmedian error
of≈ 1m and 80-percentile error of≈ 5 m, which is comparable to our
proposed solution, at the drawback of requesting access to inertial
sensors in the smartphone and the user intervention to perform
calibration steps. Vasisht et al . [20] introduced a system that enables
a single WiFi AP to localize clients within tens of centimeters. They

combine multiple frequency bands scattered around 2.4GHz and
5GHz, to obtain almost one GHz of bandwidth. Yet, this approach
does not work with commercial of-the-shelf smartphones as they
operate on a single frequency channel. In contrast, our proposed
solution works with 80 MHz bandwidth and single frequency. Other
solutions, as for instance ArrayTrack [22] and SpotFi [12], are based
on AOA estimation, and considered a denser AP deployment, which
cannot be deployed in home environments and small businesses.
[12] deployed 6 APs in an area of 160m2, for a result of one AP every
26m2. They achieve a median accuracy of 40 cm, that degrades to
1.6m in NLOS environments. In contrast, SPRING uses only one AP,
with a total of 4 antennas, and it has been deployed in an area of
up to 125m2. There have been many attempts to harness the time-
of-flight of wireless signal in indoor propagation environments.
Recently, IEEE 802.11-2016 standardized the FTM protocol that has
not beenwell investigated yet. Ibrahim et al . [9] conducted different
measurements to use and calibrate the RTT provided by the FTM
protocol. They achieve in indoor lab and office environments a
median error of 5.2m, using at least three APs. The related work
either leverages specialized hardware, combination of multiple
frequency bands, a large number of antennas, or multiple APs for
trilateration and triangulation. In this paper, we present a solution
that employs one single AP, commodity hardware, using a single
frequency band and without inputs from inertial sensors.

7 CONCLUSION
This paper has presented a hybrid system that methodically ad-
dresses many of the challenges towards practical WiFi-based po-
sitioning using only a single AP. We have exploited PHY layer
information to estimate the direction between the AP and the client
using a 802.11ac WiFi chipset that uses 4 linear antennas, oper-
ates at 80MHz and gives access to CSI per sub-carrier. We have
presented a phase calibration technique to correct the estimation
error introduced by the hardware in the AOA estimations. We have
shown how to apply our calibration and the results in the ane-
choic chamber. Then we have developed an AOA estimator based
on channel state information information and we have proposed
a methodology to alleviate the effect of multipath in FTM-based
ranging using inputs from channel state information. The estimator
achieves a median error of 0.5-0.7 meters. Finally we have combined
both information, direction and distance between the AP and the
STA and have shown for the first time the ability to position a com-
mercial off-the-shelf smartphone only with WiFi measurements
performed by one single AP that uses commodity hardware. The
experiments have shown a median 2-D positioning error between
0.9 and 2.15meters in two different testbeds, in areas up to 125m2

and in presence of strong blockage and multipath.
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