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ABSTRACT
In this paper, we propose an indoor positioning system (IPS)
that achieves centimeter accuracy in a complex indoor environment using time-reversal (TR) technique with a single pair
of off-the-shelf multi-antenna WiFi devices. The proposed
IPS can work under both line-of-sight (LOS) and non-line-ofsight (NLOS) environment. Leveraging the spatial diversity
on the multi-antenna WiFi device, the proposed IPS creates a
large effective bandwidth to mitigate the ambiguity between
different locations due to the limited bandwidth in WiFi systems. The proposed IPS obtains channel frequency responses
(CFRs) from different antenna links at locations-of-interest
in the ofﬂine phase. In the online phase, it captures instantaneous CFR which is compared against CFRs in the ofﬂine
phase by fusing the time-reversal resonating strength (TRRS)
calculated at each link. Finally, the location is determined
according to the TRRS. Extensive experiment results in an
ofﬁce environment demonstrate true positive rates of 99.93%
and 100% while only incurring false positive rates of 1.56%
and 1.80% under LOS and NLOS conditions, respectively.
Index Terms— Time-reversal resonating strength, multiantenna, channel frequency response, indoor localization.
1. INTRODUCTION
Recent years witnesses a rapid growth of the indoor positioning applications, ranging from targeted advertisement in
supermarkets [1], shopping mall navigations [2], and personal museum guidance [3]. To enable these applications, a
high indoor localization accuracy is required, which cannot
be achieved by the Global Positioning System (GPS) mainly
due to the severe attenuations and reﬂections of GPS signals
in a complicated indoor environment.
The demand on the high accuracy leads to an extensive
development of indoor positioning systems (IPSs) leveraging
the radio-frequency (RF) techniques [4]. According to the
techniques adopted, these IPSs can be classiﬁed into rangingbased and ﬁngerprint-based schemes. For the ranging-based
methods, at least three anchors are deployed to triangulate

,(((

the device by measuring the anchors-to-device distances. The
measurement of distance is generally translated from other
information. In [5, 6], the received signal strength indicator
(RSSI) is utilized to derive the distance with the free-space
path loss model to achieve a mean accuracy of 1 ∼ 3m in
line-of-sight (LOS) scenarios. However, the performances
of these methods are highly dependent on the correctness of
the employed physical model, e.g., the free-space path-loss
model. Therefore, the accuracy degrades in a complex indoor
environment when the physical model becomes inaccurate.
On the other hand, the ﬁngerprint-based approaches exploit the naturally existing spatial characteristics of different locations, e.g., RSSI, channel impulse response (CIR),
and channel frequency response (CFR). In [7–9], RSSI readings from several WiFi access points (APs) are utilized as the
ﬁngerprint to achieve an accuracy of 2 ∼ 5m. The accuracy is further enhanced to 0.95 ∼ 1.1m by taking CFRs
in WiFi systems as the ﬁngerprint [10–12]. In [13], Wu et
al. obtain CIR ﬁngerprint under 125 MHz bandwidth. Then,
leveraging the high-resolution spatial-temporal focusing effect of time-reversal (TR) [14], they calculate the TR resonating strength (TRRS) as the similarity metric between ﬁngerprints and thus the associated locations, leading to an accuracy of 1 ∼ 2cm under strong non-line-of-sight (NLOS)
settings. Nevertheless, the ﬁngerprint-based approaches using WiFi cannot achieve centimeter accuracy since the limited bandwidth in WiFi networks introduces severe ambiguity
among ﬁngerprints at different locations. Meanwhile, specialized hardware with large bandwidth is required in [13] which
incurs additional cost in deployment.
To overcome the issue of ambiguity in WiFi-based localization, Chen et al. exploit the frequency diversity in WiFi
systems by performing frequency hopping to collect CFRs
from different frequency bands to achieve centimeter accuracy [15]. However, it might be time-consuming to measure a large number of WiFi channels. Instead of using the
frequency diversity, in this paper, we explore the spatial diversity inherent in Multiple-Input-Multiple-Output (MIMO)
WiFi systems, which is more time-efﬁcient. The IPS creates a
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large effective bandwidth by combining CFRs from different
antenna links to improve the performance. The proposed IPS
consists of two phases. In the ofﬂine phase, the IPS captures
CFRs from multiple locations-of-interest. In the online phase,
instantaneous CFR is captured and compared against those
obtained in the ofﬂine phase by evaluating the TRRS. Finally,
the IPS determines the locations according to the TRRS.
The rest of the paper is organized as follows. In Section 2,
we introduce the signal model of the CFR incorporating synchronization errors. In Section 3, we propose the localization algorithm. The experiment results are illustrated and discussed in Section 4. Finally, Section 5 concludes the paper.
2. SIGNAL MODEL
The CFR is a ﬁne-grained frequency-domain information
available in OFDM systems that portraits the physical environment. It is a set of channel measurements depicting the
amplitudes and phases of each subcarrier in the frequency
domain. Speciﬁcally, for an MIMO WiFi system, assume a
total of D links and N subcarriers, the CFR on the d-th link
can be written as Hd = [Hd [u1 ], · · · , Hd [uk ], · · · , Hd [uK ]],
where Hd [uk ] stands for the CFR on the d-th link and k-th
subcarrier with subcarrier index uk . K is the total number of
usable subcarriers, which is smaller than N in the presence
of null subcarriers.
In practice, the RF front-end of WiFi receiver is not exactly the same as the front-end of the WiFi transmitter, which
leads to synchronization errors, including carrier frequency
offset (CFO), sampling frequency offset (SFO), and symbol
timing offset (STO) [16]. Although WiFi receivers perform
timing and frequency synchronization to mitigate the impact
of synchronization errors, the residual of them cannot be neglected. The net effect of the synchronization errors is a phase
rotation which can be further decomposed into an initial phase
rotation and a linear phase rotation. Incorporating the synchronization errors as well as the channel noise, Ĥd is modiﬁed into Ĥd = [Ĥd [u1 ], · · · , Ĥd [uk ], · · · , Ĥd [uK ]] takes the
form [17]
Ĥd [uk ] = Hd [uk ]ej(α+βuk ) + Wd [uk ] ,

given by
γ[ĥ, ĥ ] =


 2


max  ĥ ∗ ĝ [i]
i

ĥ, ĥĝ, ĝ

,

(2)

where ∗ stands for the linear convolution, ĝ is the timereversed and conjugate version of ĥ , and x, y is the innerproduct operator between x and y, calculated by x† y, and
(·)† is the Hermitian operator. The denominator of (2) scales
γ[ĥ, ĥ ] into [0, 1]. In this regard, TRRS essentially measures
the similarity between two CIRs.
Realizing that convolution in the time domain can be
reformulated as the inner-product in the frequency domain,
TRRS can be calculated using frequency domain CFRs directly. Assuming two CFRs on link d given by Ĥd and Ĥd ,
the TRRS can be written as
γ[Ĥd , Ĥd ] =

φd
,
Λd Λd

(3)
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where φd = max  k=1 Ĥd [uk ]Ĥd [uk ]e−juk  , Λd =


Ĥd , Ĥd , and Λd = Ĥd , Ĥd . The linear phase distortion
is compensated in φd by maximizing over , and the initial phase distortion is mitigated by taking absolute value in
calculating φd .
An exhaustive search over  ∈ [−π, +π] leads to the optimum precision in evaluating φd , but incurs heavy computational burden. To calculate φd efﬁciently and accurately with
an effective search resolution of 2π/N  , we approximate φd
with φd given by

2
 K

2πn
φd = max 
Ĥd [uk ]Ĥd [uk ]e−j N  uk  .
n

k=1



(4)


z[n]

Realizing that z[n] shares the same form of an N  -point discrete Fourier transform (DFT), we employ the fast Fourier
transform (FFT) to accelerate the calculation. When N  is
large, φd ≈ φd , and γ[Ĥd , Ĥd ] can be well approximated by
φd /(Λd Λd ).

(1)

where Wd [uk ] is the channel noise on the k-th subcarrier of
link d.
3. ALGORITHM

3.2. Calculating Combined TRRS
After calculating φd from CFR measurements of all D links,
denoted by Ĥ = [Ĥ1 , · · · , ĤD ] and Ĥ = [Ĥ1 , · · · , ĤD ], the
IPS fuses the TRRS at different links into the combined TRRS
denoted by γ[Ĥ, Ĥ ] shown as
⎛

In this section, we introduce the algorithm of the proposed
IPS with an emphasis on the calculation of TRRS, a metric
that evaluates the TR spatial-temporal focusing effect.
3.1. Calculating TRRS for Each Link
ĥ

deﬁned
Given two CIRs ĥ = [ĥ[0], · · · , ĥ[L − 1]] with
similarly, the TRRS between them is deﬁned in [13], which is

γ[Ĥ, Ĥ ] = ⎝

⎞2
Λd Λd γ[Ĥd , Ĥd ]
⎠ .
D
D

d=1 Λd
d=1 Λd

D
d=1

(5)

Since we fully utilize the information in Ĥ and Ĥ in calculating γ[Ĥ, Ĥ ], we achieve an effective bandwidth We =
DKB/N , where B is the bandwidth per link.
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Fig. 1: Experiment settings.

36
0.78
100
1.73
0.86
100
1.98
0.84
97.94
1.72
−
−
−

143
0.60
100
1.82
0.71
99.91
1.67
0.62
99.94
1.97
−
−
−

249
0.55
100
1.56
0.65
99.91
1.93
0.56
99.94
1.64
0.54
92
1.62

321
0.54
100
1.80
0.64
99.93
1.56
0.53
99.89
1.94
0.51
98.37
1.70

Table 1: Settings of Γ to achieve PTP ≥ 90% and PFP ≤ 2%.

3.3. Localization Using Combined TRRS
The localization in the proposed IPS consists of an ofﬂine
phase and an online phase. We elaborate on the two phases in
the subsequent parts of this section.
3.3.1. Ofﬂine Phase
In this phase, we collect R snapshots of CFRs from each of
the L locations-of-interest. The L × R CFRs are stored into
the training database Dtrain , where the i-th row of Dtrain is the
CFR vector Ĥi shown in Section 3.2, and i is the training
index. Denote the snapshot index as r and the location index
as , the training index i can be mapped from (r, ) as i =
( − 1)R + r.





3.3.2. Online Phase

where Γ is the threshold. Finally, the estimated location index
ˆ is mapped back from i by

mod(i − 1, R) + 1, i = 0

ˆ
(7)
 =
0,
Otherwise ,











  








  

Fig. 2: Results of Exp. 1 under (a) LOS, We = 36 MHz (b)
LOS, We = 321 MHz. (c) NLOS, We = 36 MHz (d) NLOS,
We = 321 MHz.



In this phase, assume that we collect the instantaneous CFR
Ĥ at an unknown location  . To estimate  , we ﬁrst calculate the TRRS between each CFR in Dtrain and Ĥ which
leads to {γ[Ĥi , Ĥ ]}i∈L , where L = {0, 1, 2, · · · , L} is the
location candidate. The location index 0, termed as the unmapped location, is also included into L since it is possible
that the instantaneous CFR is obtained at an unmapped position.
Based on {γ[Ĥi , Ĥ ]}i∈L , we search for the training index i that best matches the instantaneous CFR. The estimated
training index i can be written as
⎧
⎨ arg max γ[Ĥi , Ĥ ],
max γ[Ĥi , Ĥ ] ≥ Γ
i=1,2,··· ,L
i = i=1,2,··· ,L
(6)
⎩0,
Otherwise ,
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Fig. 3: ROC curves under different We . (a) Exp. 2 with
human activities (b) Exp. 3 with large object movement.

where mod(x, y) is the modulus operator on x with base y.



4. EXPERIMENT RESULTS

4.2. Performance Evaluation

4.1. Experiment Settings
The experiments are conducted in a typical ofﬁce in a multistorey building. The ofﬁce is occupied by desks, computers, chairs, and shelves. We use one pair of off-the-shelf
WiFi devices with modiﬁed driver to facilitate CSI acquisition. Each WiFi device is equipped with 3 omnidirectional
antennas. Therefore, the total number of links D is 9. One
of the WiFi devices acts as an AP, and the other works as a
station (STA).
We conduct three experiments using the settings in Fig. 1
with details given below: (i) Exp. 1 is targeted to verify the
centimeter accuracy of the proposed IPS. The AP is placed
at two different positions to evaluate the performances under
strong LOS and strong NLOS scenarios, respectively, while
the STA is placed on a measurement platform with 5 cm resolution. For each AP position, CFRs at a total of L = 100 locations on the platform are collected, with R = 10 CFRs per
location. (ii) Exp. 2 is used to evaluate the IPS performance
in the presence of human activities. One participant is asked
to walk randomly in close vicinity to the STA. CFRs from
L = 40 different locations on the measurement platform with
5 cm resolution are obtained, with R = 10 CFRs per location.
(iii) Exp. 3 is conducted to assess the IPS performance with
dynamics from large object movement. The AP is placed in a
small room, while the STA is placed at L = 4 positions with
5 cm resolution in a closet. One participant operates a door
at the middle of the direct link between AP and STA. CFRs
from 4 positions in the closet are captured with 10 CFRs for
each location.
The effective bandwidth We in the experiments is calculated using DKB/N as shown in Section 3, with K =
114, N = 128, B = 40MHz, and D = 1, 2, 3, · · · , 9. N  is
conﬁgured as 1024.
For the purpose of performance evaluation, we store all
CFRs into Dtrain and make the testing database Dtest to be the
same as Dtrain . Essentially, we are assessing the similarity
among the same locations and dissimilarity among different
locations. Then, using CFRs in Dtrain and Dtest , we calculate
the TRRS matrix R with its (i, j)-th entry as γ[Ĥi , Ĥj ], where
Ĥi is the i-th row of Dtrain and Ĥj is the j-th row of Dtest . j
is denoted as the testing index.
Based on R, we evaluate the localization performances by
the true positive rate, denoted as PTP , and the false positive rate, denoted as PFP . PTP is deﬁned as the probability
that the AP localizes the STA to the correct locations, while
PFP is deﬁned as probability that the AP localizes the STA
to the incorrect locations or the unmapped location. We also
show the Receiver Operating Characteristic (ROC) curves to
highlight the trade-off between PTP and PFP .

In Fig. 2, we show the TRRS matrix R under different We in
both NLOS and LOS scenarios. As can be seen from Fig. 2,
increasing We reduces the TRRS among different locations,
as can be observed from the decreasing off-diagonal part in
R. Therefore, a large We mitigates the ambiguities among
different locations. Additionally, we illustrate the details of
the diagonal part of R in Fig. 2(d) when We = 321 MHz,
which shows that TRRS calculated at the same location is
close to 1, indicating high similarity. Comparing Fig. 2(a),(b)
with Fig. 2(c),(d), we ﬁnd that the location distinction is less
pronounced under the LOS case, since there exist only a few
signiﬁcant multipath components and reduces the distinction
between locations consequently.
In Table 1, we show the smallest Γ that could achieve
PTP ≥ 90% with PFP ≤ 2%. We observe that Γ decreases
when We increases. When We = 321 MHz, PTP reach 100%
and 99.93% while PFP are merely 1.80% and 1.56% for the
NLOS and LOS scenarios, respectively.
Fig. 3(a) illustrates the ROC curve using different We under the inﬂuence of human activities. The results indicate that
a large We can enhance the robustness of localization. As
shown in Table 1, when We = 321 MHz, a threshold of 0.53
sufﬁces to make PTP = 99.89% and PFP = 1.74%.
The impact of large object movement on localization is
more severe than the human activities. In Fig. 3(b), we illustrate the results with a door opening/closing using different
We . In this case, a large We is indispensable. According to
Table 1, when We ≤ 249 MHz, we fail to ﬁnd a Γ that makes
PTP ≥ 90%, PFP ≤ 2%. The performance improves dramatically with We = 321 MHz, which boosts PTP to 98.37% with
PFP at 1.70%.
From the experiment results above, we conclude that the
proposed IPS achieves centimeter localization accuracy with
very high true positive rates and negligible false positive rates.
In fact, our recent results with 0.5 cm measurement resolution
show a promising 1 − 2 cm localization accuracy in an NLOS
environment, which is not shown here due to the page limit.

5. CONCLUSION
In this paper, we propose an IPS embracing the time-reversal
focusing effect for centimeter accuracy indoor localization on
commercial WiFi devices. The proposed IPS harvests the spatial diversity in MIMO WiFi systems to formulate a large effective bandwidth. Extensive experimental results show that
the proposed IPS achieves centimeter accuracy with true positive rates of 99.93% and 100%, and incurs false positive rates
of 1.56% and 1.80% under the LOS and NLOS scenarios,
respectively. Meanwhile, the IPS is robust against the environment dynamics caused by human activities and object
movements.
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