D-Watch: Embracing “bad” Multipaths for
Device-Free Localization with COTS RFID Devices
Ju Wang† , Jie Xiong , Hongbo Jiang‡ , Xiaojiang Chen† , Dingyi Fang†
†

†

Northwest University;  Singapore Management University;
‡
Huazhong University of Science and Technology

{wangju,xjchen,dyf}@nwu.edu.cn,  jxiong@smu.edu.sg,‡ hongbojiang2004@gmail.com

ABSTRACT

1. INTRODUCTION

Device-free localization, which does not require any device attached to the target is playing a critical role in
many applications such as intrusion detection, elderly
monitoring, etc. This paper introduces D-Watch, a
device-free system built on top of low cost commodityoﬀ-the-shelf (COTS) RFID hardware. Unlike previous
works which consider multipaths detrimental, D-Watch
leverages the “bad” multipaths to provide a decimeterlevel localization accuracy without oﬄine training. DWatch harnesses the angle-of-arrival (AoA) information
from the RFID tags’ backscatter signals. The key intuition is that whenever a target blocks a signal’s propagation path, the signal power experiences a drop which can
be accurately captured by the proposed novel P-MUSIC
algorithm. The wireless phase calibration scheme proposed does not interrupt the ongoing communication.
Real-world experiments demonstrate the eﬀectiveness
of D-Watch. In a rich-multipath library environment,
D-Watch can localize a human target at a median accuracy of 16.5 cm. In a table area of 2 m×2 m, D-Watch
can track a user’s ﬁst at a median accuracy of 5.8 cm.
D-Watch is capable of localizing multiple targets which
is well known to be challenging in passive localization.

While GPS localization has gained a huge success in
outdoor environment, we witnessed an ever-increasing
roll-out of indoor location-based applications such as
shop navigation [31, 38], augmented reality [58, 20] and
room occupancy detection [40] in recent years. Diverse technologies have been explored for localization
purposes including infrared [21, 19], camera [28, 30],
acoustic [14, 56], visible light [25, 26], Wi-Fi [53, 22,
23, 49], RFID [45, 45, 46, 55, 18], etc. Among all the
technologies, radio frequency (RF)-based localization is
considered most promising due to its ubiquitousness and
low cost. In particular, RFID is evolving as a major
candidate for identifying and tracking objects in indoor
environment [13]. It is no exaggeration to say that we
are almost surrounded by RFID tags in our daily lives.
These tags are widely used in the bus cards, car keys,
clothing security tags, etc. One main reason for this
widespread deployment is the simplicity of the tags and
the extremely low cost (each tag costs 5–10 cents USD).
The RF-based localization schemes can be further
categorized into device-based [53, 22, 23, 45, 46, 52, 50]
and device-free [47, 7, 8, 55, 49, 27]. The device-based
schemes require the target to be equipped with a device
or attached with a tag capable of emitting or reﬂecting RF signals. However, device-based localization is
not applicable in some scenarios. In intruder detection,
the targets will deliberately discard any device that can
be tracked. In elderly care, old people are usually reluctant [55] to hold mobile devices, wear wearables or
be attached with RFID tags. These real-life scenarios motive the needs of device-free localization which
does not require any device to be attached to the target. On the other hand, device-free localization is usually more challenging as the weak reﬂected signals are
employed for localization. For example, RFID adopts
backscattering strategy for communication and the signal backscattered from the RFID tag is relatively weak.
If the backscattered signal gets reﬂected again from the
human target, it becomes extremely weak and it is difﬁcult to retrieve this subtle signal for localization. Also
multi-target tracking is not a problem for device-based
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(a) One tag deployed.

(b) Three tags deployed.
(c) 3 paths are blocked by a target.
Figure 1: Illustration of the basic idea of D-Watch.
ing AoA peak will experience a drop. By monitoring
the peak amplitude changes on the AoA spectrum, DWatch can identify the target’s angle information without any tag attached to the target, like a “directionwatcher (D-Watch)”. We then combine the angle information from at least two non-collinear readers to localize the target by the triangulation method.
To further illustrate D-Watch’s basic idea, Fig. 1 shows
a toy example with two readers and three tags. We can
see in Fig. 1(b) that the number of signal paths increases
rapidly with two more tags added. When there is a human target in the area, D-Watch localizes the target
as illustrated in Fig. 1(c). Speciﬁcally, multiple corresponding peaks on the AoA spectra are decreased when
the target blocks path 1, path 2 and path 3. By rejecting the wrong angle from path 3 as we will discuss in
Section 4.3, D-watch is able to localize the target with
the other two paths.
D-Watch eﬃciently utilizes both the direct path and
the reﬂection paths to identify the angle information of
the target. With rich multipaths in indoor environment,
D-Watch increases the coverage area signiﬁcantly, so the
deployment density can be well reduced. Further, DWatch does not need to know the RFID tags’ locations
so the tags can be randomly placed with a high degree
of ﬂexibility. D-Watch only requires baseline AoA measurements between tags and readers, which take a few
seconds compared with hours measuring and updating
the RSS/CSI signatures at all possible locations in existing ﬁngerprint-based location systems.
Though the basic idea sounds straightforward, it is
non-trivial to realize D-Watch in practice due to the
following challenges:

localization but becomes challenging for device-free systems as the reﬂected signals from multiple targets are
all mixed together.
Most RF-based device-free systems [18, 10, 57, 49]
employ the received signal strength indicator (RSSI) or
channel state information (CSI) for localization which
are coarse in accuracy and require labour intensive ofﬂine training to obtain the ﬁngerprint database. The
ﬁngerprints also need to be updated if there are changes
in the environment such as furniture movements, making these systems less realistic for real-life deployment.
RSSI/CSI model-based schemes [33, 48, 54, 44] are proposed later to mitigate the ﬁngerprint collection load
but suﬀer from low accuracy in rich-multipath environments. In recent years, motivated by the radar array
system [40, 53, 17], AoA-based schemes [8, 55, 47, 58]
become popular with the opportunity of multiple antennas attached to a single Wi-Fi access point (AP)
or an RFID reader. Wi-Fi APs nowadays are usually equipped with an antenna array due to the adoption of MIMO technology [24] in the latest 802.11n and
802.11ac standards. In order to increase the transmission range and accordingly the coverage area, the
commodity RFID readers also have multiple antenna
ports [46, 5]. The AoA-based schemes are able to achieve
a high accuracy without labour intensive oﬄine training. However, one major challenge for the success of
AoA-based schemes is the identiﬁcation of the LoS direct path. This is critical as there are usually rich multipaths indoors and only the direct path signal bouncing
oﬀ the target contains the true angle information of the
target. The multipaths are considered detrimental and
several works [7, 8, 55] have been proposed to identify
or remove these “bad” multipaths.
This paper introduces D-Watch, the ﬁrst RFID-based
device-free localization system that eﬃciently leverages
the “bad” multipath signals to provide decimeter level
accuracy. D-Watch is built on the COTS RFID hardware. To locate the target, D-Watch employs the AoA
spectrum as shown in Fig. 1(a) and monitors the AoA
peak changes to detect the angle information of the target. Speciﬁcally, if a target blocks a signal propagation
path between the reader and the tag, the correspond-

• Phase calibration: accurate AoA estimation is
highly dependent on the signal’s phase value measured at each antenna. However, each radio front
end has a random phase oﬀset introduced by the
internal oscillator. This random phase oﬀset needs
to be carefully addressed before correct AoA information can be obtained. ArrayTrack [51] proposed
a wired calibration method by injecting the same
signals to the RF front ends with the help of a
splitter. However, the wired calibration scheme



• D-Watch is the ﬁrst device-free RFID system that
eﬃciently utilizes the “bad” multipaths for localization. D-Watch does not require labour intensive
oﬄine training nor needs to know the RFID tags’
locations, making D-Watch a promising candidate
for real life large scale deployments.
• The proposed wireless phase calibration scheme
operates without reliance on human intervention.
It outperforms the state-of-the-art wireless calibration method and does not interrupt the ongoing
communication.
• We propose a novel P-MUSIC algorithm, which
does not only capture the angle information as the
traditional MUSIC algorithm does but also obtains
the signal power information of each path.
• D-Watch is implemented on COTS RFID hardware and comprehensive experiments demonstrate
the eﬀectiveness of the system. D-Watch can be
easily extended to Wi-Fi and other RF-based systems for localization and tracking purposes.

requires human intervention to plug/unplug the
antennas which is time consuming and interrupts
the ongoing communication.
• Signal power estimation of each path: the
signal power of a certain path can not be estimated accurately with the well-known MUSIC algorithm [34] widely used for AoA estimation. The
peak amplitude on an AoA spectrum estimated
by MUSIC is a probability function [34] and does
not have a clear linear relationship with the signal
power. When one path is blocked, more than one
peak on the MUSIC spectrum may get changed,
resulting in a false positive detection. When multiple paths are blocked, MUSIC may only detect
one path and miss the other blocked paths.
To deal with the above challenges, we propose a new
wireless phase calibration scheme. Compared to the existing methods [51, 37], the proposed scheme does not
interrupt the ongoing data communication and runs automatically without the requirement of human intervention. The basic idea is that the estimated AoA angle
will match the true angle if the random phase oﬀsets
are removed correctly. By deploying tags with known
direct path angles and treating the random phase oﬀsets as unknowns, we can compose enough constraint
equations to determine the random phase oﬀsets.
We further propose a novel power MUSIC (P-MUSIC)
algorithm, which reserves the AoA estimation capability of the traditional MUSIC and incorporates the signal
power estimation capability so both the path angle and
path signal power can be obtained at the same time.
The key intuition behind P-MUSIC’s power estimation
is that it applies diﬀerent weights to the signals received
at each antenna so the desired signals at a speciﬁc direction add constructively, whereas the signals along other
directions add randomly. This alignment boosts the
power at the desired direction and averages out the signals along other directions to a small value so the signal
power at a speciﬁc direction can then be estimated.
We build a prototype of D-Watch using four Impinj readers [5] and 21 Alien tags [1]. We evaluate the
localization performance in three typical indoor environments: a library, a laboratory and an empty hall
corresponding to high, medium and low multipath environment, respectively. D-Watch is able to achieve a
median localization accuracy of 16.5 cm for a human
target in the rich-multipath library environment. For a
smaller scale deployment, D-Watch is able to perform
ﬁne-grained tracking of a user’s ﬁst passively at a median accuracy of 5.8 cm. D-Watch also moves one step
further to localize multiple targets simultaneously which
is well known to be challenging for passive localization.
D-Watch is able to localize three glass bottles at the
same time at a maximum error of 17.2 cm as long as
they are separated by at least 20 cm from each other.
Contributions: The main contributions of this paper
are summarized as follows:

Paper outline: We introduce the background and challenges in Section 2 and Section 3. We detail D-Watch’s
design in Section 4. The implementation is described in
Section 5 followed by the evaluation in Section 6. The
related work is in Section 7. We discuss some related
issues in Section 8 and conclude our work in Section 9.

2. BACKGROUND
In this section, we introduce the technical background
of RFID and MUSIC algorithm.

2.1 RFID System
An RFID system usually consists of a reader and multiple tags. Tags have no internal battery, so they harvest energy purely from the reader’s signal and reply to
the reader with a modulated backscatter signal. Typically, a COTS reader is connected to multiple antennas
to increase the coverage range. For example, the Impinj
xArray reader [5] has 52 antennas and covers more than
139 m2 space with a price of 2000 USD.
Two points about RFID system are particularly relevant to the device-free localization. First, an RFID
tag is extremely cheap at a cost of 5–10 cents USD.
RFID reader is relatively expensive (the price [2] of the
ThingMagic reader is around 450 USD and the general purpose Impinj R420 reader is around 1200 USD).
R420 is relatively expensive because of the HTTP/TCP
server function which is not used in our localization system. One R420 reader has four RF port and is capable
of being connected to multiple antennas serving many
RFID tags so the price is well amortized. RFID-based
localization system is thus a promising candidate for
large-scale deployments in cargo transportation, retailing and warehouse. Second, the communication range
of RFID today is signiﬁcantly increased to more than
10 meters [5, 45]. Major RFID manufacturers are competing to increase the range [46] and we expect the range



largest P eigenvalues correspond to the P incoming signals while the rest Q= M − P correspond to the noise.
We choose P value based on how many eigenvalues are
larger than a threshold and considered signals. Based
on this process, the corresponding eigenvectors in U can
be classiﬁed as signal and noise parts:
U = [US , UN ] = [u1 , · · · , uP , uP +1 , · · · , uM ].
   



Figure 2: Phase changes are diﬀerent when a signal
arrives at diﬀerent antennas of a linear array.

US

to continue growing in the next few years.

AoA information. When an RF signal propagates
in the air, the phase keeps rotating and one wavelength
of distance corresponds to a 2π phase rotation. The
basic idea of AoA estimation is to measure the signal
phase diﬀerence at antennas [32] due to diﬀerent propagation distances. For example in Fig. 2, the adjacent
antennas are placed with a space of d = λ/2 in between,
where λ is wavelength. A signal arrives at the antennas
along direction θp . If the phase measurements at the
ﬁrst two antennas are φ1 and φ2 , we can then estimate
the AoA θp as:

H

a(θ) UN = 0,

B(θp )=

(8)

3.1 Phase Calibration
Accurate AoA estimations are the key part of our
localization system. The AoA estimations are highly
dependent on the accurate phase measurements. However, a reader’s RF front ends introduce random phase
oﬀsets into the phase measurements. To examine the
amount of phase oﬀsets introduced, we conduct an empirical study over the 16 RF ports on four Impinj R420
readers, with 4 RF ports on each reader. We deploy one
tag and one antenna with clear LoS path. The antenna
is connected to the 16 RF ports via a same RF cable one
by one and the phase measurements are recorded. We
select the ﬁrst RF port as the reference and calculate
the phase oﬀsets for the other 15 RF ports. Fig. 3 shows
the measured phase oﬀsets ranging from −85.9◦ to 176◦ .
These oﬀsets are very random and need to be removed
in order to achieve reliable AoA estimates. Traditional
calibration methods, such as ArrayTrack [51], Argos [37]
and Phaser [17], though being able to obtain the phase
oﬀsets, require human intervention and take minutes to
complete. What is worse, these methods interrupt the
ongoing data communication.

(2)

(3)

where n is noise, A=[a(θ1 ), · · · , a(θp ), · · · , a(θP )] is the
steering matrix and a(θp ) is an M × 1 steering vector:
(4)

where (·)T denotes the transpose operation.
MUSIC is based on eigenstructure analysis of the signal vector’s correlation matrix R. Based on (3), the
correlation matrix R can be expressed as:
R = E[XXH ] = AE[SSH ]AH + σ 2 I,

,

We discuss the challenges in detail and employ benchmark experiments to validate our claims in this section.

where ω(m, θp )=(m − 1) 2πd
λ cos(θp ). The measured signal vector X = [x1 , x2 , · · · , xM ]T at the array is:

a(θp ) = [1, e−j·ω(2,θp ) , · · · , e−j·ω(M,θp ) ]T ,

H
p )UN UN a(θp )

3. CHALLENGE AND VERIFICATION

p=1

X = AS + n,

1
aH (θ

which yields sharp peaks at the each signal’s AoA.

λ · |φ1 − φ2 |
|φ1 − φ2 |
) = arccos(
). (1)
2π · d
π
AoA estimation by MUSIC. In reality, Equation
(1) does not work because of the multipath signals. MUSIC [34] algorithm is employed for multipath signal AoA
estimation. Consider a uniform linear array with M antennas where the ﬁrst antenna is taken as the reference
antenna as shown in Fig. 2. P signals S =[s1 , s2 , · · · ,
sP ]T arrive at the array at directions of Θ=[θ1 , θ2 , · · · ,
θP ]. Since the signals are all mixed, the measured signal
xm at “antenna m” can be expressed as:
sp · e−j·ω(m,θp ) ,

(7)

when θ = θ1 , · · · , θP . Accordingly, the AoA spectrum
of MUSIC is given as:

θp = arccos(

P


UN

We refer to US as the signal subspace and UN as the
noise subspace. Due to the orthogonality between the
signal steering vector and noise subspace [34], we have:

2.2 AoA and MUSIC

xm =

(6)

3.2 Limitation of Power Estimation
D-Watch detects the target’s direction by observing
an obvious signal power reduction when the target blocks
the signal path. Thus, an accurate path power change
detection is critical for D-Watch’s localization. However, the signal power of each path can not be estimated
accurately with the well-known MUSIC algorithm [35].
The AoA spectrum estimated by MUSIC is a probability function [34] and the peak amplitude does not

(5)

H

where (·) denotes the Hermitian transpose operation,
E[SSH ] is the source correlation matrix. The array correlation matrix R has M eigenvalues λ1 ,· · · , λM associated with M eigenvectors U=[u1 , · · · , uM ]. The



Phase Offset (deg)

nality property, the product of the noise subspace and
signal subspace approaches zero at the LoS angle when
the phase oﬀsets are correctly removed. This observation motivates us to ﬁnd the phase oﬀsets by minimizing
the product of noise and signal subspace at the known
LoS angle1 . With phase oﬀsets, we revise the array signal model described by (2) as:

150
100
50
0
-50
-100

2

4

6

8
10
12
RF Port Index

14

16

X = ΓAS + n,

Figure 3: Random phase oﬀsets at diﬀerent RF ports.

(9)

where X, A, S and n are the array signal vector, steering matrix, source signal and noise. Γ = diag {1, ej·Δβ2,1 ,
· · · , ej·ΔβM,1 } is the phase oﬀset diagonal matrix. Δβm,1
= βm − β1 refers to the phase oﬀset between “antenna
m” and the reference “antenna 1”. From Equation (7),
H
we have a(θ) ΓH UN = 0 at θ = θ1 , · · · , θP . We then
estimate the unknown hardware phase oﬀset matrix Γ̂
H
by solving the equation ||a(θ) ΓH UN ||2l2 = 0 with the
angle θ and the noise eigenvector UN known. The di(k)
rect path angle θLoS of the k th tag can be easily measured when the locations of the tags and antennas are
known2 . The estimation accuracy of Γ̂ can be further
improved with larger number of tags. Thus, a more
general equation can be given as:

Figure 4: AoA spectrum change estimated by MUSIC.
represent the signal power level. We run a benchmark
experiment to verify this observation and show the results in Fig. 4. When one path at 50 ◦ is blocked, not just
the peak of the blocked path is decreased, the peak amplitudes of other paths may also get changed. That is to
say, the power information provided by traditional MUSIC is not reliable for target detection. What is worse,
when all three paths are blocked, the amplitudes for all
peaks do not change much on the spectrum as shown
in Fig. 4. MUSIC will then miss some of the blocked
paths and the targets may not even be detected.

K 


 (k) H H (k) 2
a(θLoS ) Γ UN  = 0,

(10)

l2

k=1

where K is the total number of tags. Note that the
dimensions of a(·), Γ and UN are 1 × M , M × M and
M ×(M −P ), respectively. By expanding Equation (10),
we acquire a number of K × (M − P ) sub-equations. In
practice, the number of dominant paths P for indoor
environments is no larger than ﬁve [51]. Thus, we have
more than K(M − 5) equations. While K(M − 5) grows
in a quadratic fashion, the number of unknown phase
oﬀsets M − 1 grows linearly. This suggests that given
enough number of tags, there are enough (K(M − 5) ≥
M − 1) equations to determine the unknown Γ̂.
There are several approaches to solve a set of overdetermined equations such as inverting the equations
directly or applying the least squares method. However, these approaches are not eﬃcient in solving our
problem due to a large amount of non-linear exponential terms in the equations. In this paper, we formulate
an optimization problem to ﬁnd Γ̂ that minimizing:

4. SYSTEM DESIGN
We present the key components of D-Watch followed
by a summary of the system workﬂow.

4.1 Wireless Phase Calibration
We propose a subspace based wireless calibration method to estimate the phase oﬀsets without interrupting
the ongoing communication. The main challenge faced
by wireless calibration is the multipath eﬀect. With different propagation paths, the signals combine constructively at some antennas while combine destructively at
other antennas. A naive approach is to remove the multipath signals so that we get the phase measurements
only caused by the direct path signal and the RF port
phase oﬀsets. We can then obtain the phase oﬀsets
because the phase diﬀerence introduced by the direct
path signal can be calculated. However, in a typical indoor environment, multipaths exist and it’s diﬃcult to
remove the multipath signals from the received mixed
signal and only keep the direct path signal.
In contrast, we propose a novel method which is able
to work in the presence of multipath signals. The key
intuition is the orthogonality property between the signal subspace and noise subspace, if we carry out eigenvalue analysis on the signal correlation matrix [34] as
we described in Section 2.2. Based on this orthogo-

Γ̂ = argmin
Γ

K 


 (k) H H (k) 2
a(θLOS ) Γ UN  .
k=1

(11)

l2

The above optimization problem can be solved eﬀectively applying a hybrid method of genetic algorithm
(GA) [29] and gradient descent (GD) [9]. Speciﬁcally,
in each iteration, GA starts initiating all the unknowns
1

To make sure the LoS path dominates, we place the
receiver close to the transmitter with clear LoS path.
2
The tags’ locations are only required for phase calibration. We do not need the tags’ locations in localization.



weighted versions of xm at direction θ1 is given as:
M

m=1

=

xm · ej·ω(m,θ1 )
s1 +

+··· +
Figure 5: Illustration of obtaining the desired signal at
one particular direction with alignment and summation.

P

p=2

sp

s1 +

= M · s1 +

P


+

P

p=2

p=2

s1 +

P

p=2

sp · e−j·[ω(2,θp )−ω(2,θ1 )]

sp · e−j·[ω(M,θp )−ω(M,θ1 )]

sp

M


e

−j

2π(m−1)d
[cos(θp )−cos(θ1 )]
λ



m=1

(12)
As shown in the above equation, the signal s1 adds constructively and the amplitude gets increased roughly M
times while other signals average out when adding up
with random phase shifts of 2π(m−1)d
cos(θp ). For any
λ
interested signal sp , with the alignment and summation,
the power of the designed signal along direction θp will
be much higher than the power along other directions
with a relatively large M . The signal power along the
direction θp with the received signals at the M antennas
is then given as:

2
 M

xm · ej·ω(m,θp ) 

m=1
2
PB (θp ) = sp  ≈
. (13)
M2
We then integrate this power information into the traditional MUSIC to acquire both AoA and power estimations. Intuitively, we can simply dot-multiply the
power estimation PB (θp ) and the MUSIC AoA spectrum B(θp ). However, the MUSIC peak amplitude is
a probability value, which distorts the estimated signal
power. We solve this problem by designing a normalization function N or(B(θp )) to normalize all the peak
amplitudes to “1”. We thus remove the peak amplitudes
from MUSIC and only keep the angle information of the
peaks. Our P-MUSIC function is then given as below:

and then reﬁnes the solution with the GD algorithm to
ﬁnd the closest local minimum.

4.2 Power MUSIC
We introduce a power MUSIC (P-MUSIC) algorithm
to address the issue of missing power information in traditional MUSIC algorithm. The key observations are:
• The mixed signal received at one antenna is diﬀerent from that received at another antenna due to
the propagation path diﬀerence of signals.
• For a signal at one direction, the phase diﬀerence
at any two adjacent antennas is the same and can
be easily calculated.
• Diﬀerent phase weights can be applied to the measured signals at diﬀerent antennas so the signals at
a designed direction add constructively, whereas
the signals along other directions randomly add.
This alignment boosts the power at the desired
direction and averages out the signals at other directions to a small value, so the signal power at
the designed direction can be obtained.

Ω(θp ) = PB (θp ) · N or(B(θp ))

j·ω(m,θp ) 2
 M

m=1 xm ·e
= M 2 ·N or(a
H (θ )U UH a(θ )) ,
p
p
N

Fig. 5 (a) shows a toy example with two antennas
spaced at a distance of d. Two signals arrive at two
diﬀerent angles α and β. We donate the two signals
as Si1 and Si2 when they reach “antenna i”. The two
signals are mixed together at each antenna. To obtain
the signal power at angle α, we apply two carefully cho2π
sen weights [1, ej λ d cos(α) ] to the measured signals and

then sum them up. S11 and S21
then add up constructively, while the other signals add up destructively, as
shown in Fig. 5 (d). With the alignment and summation, we successfully reduce the power in other angles
and obtain the power at angle α. Note that with just
two antennas, the other signals may still have a chance
of adding up constructively. However, with more antennas, other signals add up with random phase shifts,
which will average out to a small value.
Without loss of generality, assume we want to identify the signal power s1 along direction θ1 . The measured signal at “antenna m” is xm . Then the sum of the

(14)

N

where M is the number of antennas, a(θp ) and UN are
the steering vector and the noise subspace eigenvector
deﬁned in Section 2.2.
Note that P-MUSIC does not need to know the value
of θp . By searching θp from 0 to π like the traditional
MUSIC, P-MUSIC is able to estimate the signal power
along each direction of the signal path. The coherence
between signals aﬀects the performance of P-MUSIC
and we adopt the spatial smoothing method [36] to remove the coherence among received signals.

4.3 Target Localization
D-Watch combines the identiﬁed target angles from
several readers to determine the target’s location. Suppose ξ readers identify a set of AoA spectra changes
ΔΩ1 (θ), · · · , ΔΩξ (θ). To localize a target, we compute
the likelihood function L(O) of the target be located



(a) Laboratory environment.
(b) Library environment.
(c) Hall environment.
Figure 6: Three typical indoor environments corresponding to medium, high and low multipath environment.

(a) Laboratory deployment layout.
(b) Library deployment layout.
(c) Hall deployment layout.
Figure 7: Deployment layouts with the positions of arrays, tags and test locations marked.
at a position O, and take the location estimate with a
maximum likelihood as the target location. To compute
the likelihood, the basic idea is that a larger AoA peak
change indicates a higher probability that the target is
at this angle. The likelihood L(O) is given as:
L(O) =

ξ


ΔΩi (θ).

Step 1: Data collection. D-Watch collects a set
of baseline AoA data between the tags and the reader
when no target is present. Note that this process is
very diﬀerent from the traditional ﬁngerprint database
collection which takes hours. This process for D-Watch
is just several transmissions between the readers and
tags which can be well completed within seconds. DWatch then acquires another set of measurements when
the target moves into the monitoring area.
Step 2: Data pre-processing. D-Watch ﬁrst employs the proposed wireless phase calibration method
to remove the phase oﬀsets that exist in the collected
data. Note that the calibration process is a one-time
eﬀort for one power on-oﬀ cycle so D-Watch does not
need to carry out phase calibration frequently.
Step 3: Target angle estimation. With proposed
P-MUSIC algorithm, D-Watch generates two sets of
AoA spectra based on the online data and the baseline data. By comparing the amplitude changes of the
AoA peaks, D-Watch can accurately identify the target’s angle information at each reader.
Step 4: Target localization. By combining the
identiﬁed angle information from multiple readers, DWatch is able to obtain the target’s location estimate
with triangulation scheme.

(15)

i=1

We then divide the monitoring area into grids 3 and
search for the grid with the highest L(O). The hill
climbing scheme is employed to quickly ﬁnd the most
likely target location estimate.
Note that we may retrieve wrong angle information
if the target blocks a reﬂection path before the signal
reaches the reﬂector. In Fig. 1(b), Path 3 is blocked
but the angle information detected is not correct. In
reality, this wrong angle information can be identiﬁed if
there is only one target. Because a target cannot block
two paths at the same reader at the same time. Whenever we detect multiple blocked paths at one reader, we
know only one of the detected angles is pointing to the
true location of the target. We further discover that
the locations estimated from the wrong angles are distributed at random positions and even far outside of the
monitoring area. On the other hand, the correct angles
will localize the target to close-by positions. We can
then apply outlier rejection to identify the wrong angle.

5. IMPLEMENTATION
Experimental environments: we conduct experiments in three typical indoor environments: a library, a
laboratory and an empty hall corresponding to high,
medium and low multipath environment. The laboratory with a size of 9 m×12 m has many small objects such as test chambers, displays, etc., as shown
in Fig. 6(a). Part of the library area with a size of
7 m×10 m has many book shelves full of books, as
shown in Fig. 6(b). The shelf has a height of 2.5 m

4.4 Putting Things Together
Now we put all the pieces together and sketch the
workﬂow of D-Watch.
3

Smaller grid size leads to more accurate results but
takes more time to search. We balance this tradeoﬀ
and set the grid size as 5 cm×5 cm for the three indoor
environments and 2 cm×2 cm for the smaller table area.



ter packet is small since the packet only contains the
tag’s ID which is 12 bytes at most [5]. The reader does
not need to emit signals all the time and a 0.1 s transmission interval is good enough for our localization and
does not increase the transmission overheads.
Default deployment setup: The deployment layouts of the three environments are shown in Fig. 7. In
each environment, we deploy four4 readers and 21 tags.
The locations of the readers are known while the tags
are randomly placed without a need to know their locations. We choose 63, 66 and 75 test locations in the
laboratory, library and hall, respectively. The test locations are uniformly distributed with a 0.5 m distance
in between. The objects attached with tags are usually
placed on the table or held in the hand so their heights
are between 1 to 1.5 m above the ground. We place the
antenna array at a height of 1.25 m. When we evaluate the impact of number of tags and tag-array height
diﬀerence, we employ more tags and change the default
setup. Unless speciﬁcally mentioned, we use the default
setup for performance evaluation.
Experimental methodology: When a target moves
into the monitoring area, the readers receive 10 backscatter packets from each tag and forward them to the
server. At the server side, D-Watch identiﬁes the angle
information of the target at each reader and combines
the information from several readers to obtain the target’s location estimate. We repeat the experiments 40
times at each test location.

Figure 8: RFID hardware and antennas employed.
and is made of metal and wood, resulting in rich multipaths and strong NLoS. Part of the empty hall with a
size of 7.2 m×10.4 m is shown in Fig. 6(c).
Human target and object target: We ask the
students to act as the human target in the experiments.
To demonstrate the high accuracy of D-Watch in a small
scale deployment, we employ three glass bottles full of
water as our object targets. The bottle has a bottom
diameter of 7.8 cm and a height of 22 cm.
Implementation: (i) Readers and tags. We employ
four Impinj Speedway R420 readers [5] for our experiments without any hardware or ﬁrmware modiﬁcation.
Each reader has four RF ports and is equipped with
one Impinj GPIO Adapter [5]. An Impinj antenna hub
is connected to one of the reader’s four RF ports as
shown in Fig. 8. Usually, we need 8 antennas for high
accuracy AoA estimation [51]. However, the Impinj
Speedway R420 reader only has four antenna ports, thus
we use the antenna hub provided by Impinj to support
more antennas. The readers are compatible with EPC
Gen2 standard [4] and the antennas work in a time division multiplexing mode. The time slot for each antenna
is about 200 us [5]. The reader operates in frequency
range of 920.5–924.5 MHz, which is the legal UHF band
in China. We use 21 cheap Alien ALN-9634 tags [32] as
shown in Fig. 8, which cost 1.5 USD in total.
(ii) Antenna and array. We employ two diﬀerent
types of antennas for our experiments as shown in Fig. 8.
The small one is ANS-900 omni-directional antenna [3]
and the large one is Q900F-900 omni-directional antenna [6]. Since RFID devices communicate by backscattering the signal which is usually weak, the small antenna [3] provides a relatively small communication range
of 3 m. The large antenna provides a communication
range of 12 m. Each linear array is consisted of 8 antennas with a half wavelength space of 16.25 cm between
adjacent antennas. The antennas and the RF front ends
have been calibrated using the wireless phase calibration method introduced in Section 4.1.
(iii) Server and algorithm implementation : The proposed schemes and algorithms are implemented in C#
and Matlab. The server is a desktop with 3.6 GHz CPU
(Intel i7-4790) and 8 GB memory. The server communicates with the RFID readers using low level reader
protocol (LLRP) [15]. All the tags’ backscatter packets received at the readers are forwarded to the server
through Ethernet cables. The size of a RFID backscat-

6. PERFORMANCE EVALUATION
6.1 Microbenchmark
We start with two benchmark experiments to validate the eﬀectiveness of the proposed wireless calibration method and P-MUSIC algorithm.

6.1.1 Veriﬁcation of phase calibration method
We measure the random phase oﬀsets caused by the
reader’s radio front ends and compare our method with
the state-of-the-art wireless calibration method proposed
in Phaser [17]. We take the phase oﬀsets obtained
from the wired calibration method proposed in ArrayTrack [51] as the ground truth. In the laboratory environment, tags are randomly attached to objects located
1–8 m away from the array. We vary the number of
tags to estimate the phase oﬀset matrix Γ̂. The phase
oﬀset estimation errors are shown in Fig. 9. The proposed method is able to achieve phase error less than
0.05 radians when more than four tags are employed. It
suggests that the proposed method achieves a high calibration accuracy even with a relatively small number
of tags. Note that a phase calibration error of 0.05 radians will cause an even smaller AoA error since there
4
Note that the number of readers can be reduced to
one if we employ coaxial cables to connect four antenna
arrays to one reader.
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Figure 13: Target detection rate comparison between
MUSIC and P-MUSIC.
strong. Traditional MUSIC fails when multiple targets
are present and block more than one paths at the same
time. The proposed P-MUSIC is able to capture the
power changes of each path much more accurately than
the traditional MUSIC.

are multiple antennas and the calibration errors have
positive and negative values which may cancel out each
other. We then compare the direct path AoA estimation errors when employing diﬀerent calibration methods. The results in Fig. 10 show that our calibration
method achieves a high AoA estimation accuracy, i.e.,
a median error of 2◦ , outperforming the Phaser system.
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6.2 Overall Localization Performance
In reality, human target is too big to be treated as a
point. As the human targets have a width of 32 cm to
40 cm, we consider there is no localization error as long
as the estimation is within the 36 cm range. Otherwise, we calculate the error as the minimum diﬀerence
between the estimated location and this 36 cm range.
We show the localization performance for the human
target in three diﬀerent environments in Fig. 14. The
results in Fig. 14 (a) show that D-Watch achieves the
best performance in the library environment with a median and 90% error as small as 16.5 cm and 28.9 cm,
respectively. D-Watch’s median accuracy slightly decreases in laboratory and hall environments to 25.3 cm
and 32.1 cm. The mean errors are shown in Fig. 14 (b).
The results are interesting as indoor localization systems usually achieve worse performance in richer multipath environments. In contrast, D-Watch performs
even better, implying that “bad” multipaths are eﬃciently utilized to improve the localization performance.

Veriﬁcation of power MUSIC

To minimize the inﬂuence of multipath, we conduct
this experiment in the empty hall environment. We
place two laptops with metal shells as reﬂectors to obtain two controlled reﬂection signals. The deployment
layout is shown in Fig. 11. Three human targets walk
around to block the direct path and reﬂection paths.
We increase the distance dT A between the tag and the
array from 2 m to 9 m, while keep the distances (i.e.,
dR1 A =2 m and dR2 A =2.6 m) from the two reﬂectors to
the array unchanged. For the same distance, we also
change the locations of the tag and the reﬂectors to
have multiple measurements. To detect the presence of
targets, we compare the changes of AoA peaks when
there is no target and when targets are present.
Fig. 12 illustrates the changes of AoA spectra when
we apply P-MUSIC. Compared with traditional MUSIC shown in Fig. 4, the changes of the AoA peaks
estimated by P-MUSIC match our expectations, i.e.,
the blocked path peak experiences a clear drop and
the unblocked peaks remain unchanged. The detection
rate of P-MUSIC is close to 100% as shown in Fig. 13.
On the other hand, the detection performance of traditional MUSIC is poor even when the signal strength is

6.3 Impact of Number of Antennas
We show the performance of D-Watch with varying
number of antennas at the reader. In general, with more
antennas at each reader, D-Watch is able to achieve a
ﬁner resolution in AoA estimation and capture more
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Figure 14: Localization performance in diﬀerent environments.
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curacy so the number of antennas at the reader side is
the main factor deciding the localization accuracy.

paths, which accordingly increases the localization accuracy as shown in Figure 15. In the library environment,
the mean localization error is 54.3 cm for four antennas,
35.6 cm for six antennas and 17.6 cm for eight antennas.

6.6 Impact of Tag-Array Height Difference
In reality, tags attached on books or laptops are placed
on the table or held in the hand with a height of 1–1.5 m
above the ground. If the tags and the arrays are not at
the same height, we would like to study whether such
a height diﬀerence will cause signiﬁcant localization errors. Fig. 18 shows that D-Watch can still achieve a
mean localization error of 40 cm even when the height
diﬀerence is as large as 120 cm. When the height difference is 40 cm, the mean error is 24 cm which is only
slightly higher.

6.4 Impact of Number of Multipaths
Besides the direct path, D-Watch utilizes the multipaths to localize a target. With more multipaths, DWatch achieves a higher coverage rate5 and improves
the localization accuracy. To demonstrate this, we place
up to 12 reﬂectors such as laptops and metal reﬂectors
to create more multipaths in the hall environment. Fig.
16 shows that the coverage rate gets increased signiﬁcantly since more propagation paths exist in the monitoring area. It also shows a mean error decrease from
31.2 cm to 20.8 cm as more paths are now restricting
the target’s location estimate.

6.7 Multi-Target Localization
The high spatial resolution of D-Watch’s AoA spectrum enables a ﬁne-grained multi-target localization.
The intuition is that a target is not able to block all
the paths simultaneously. When multiple targets are
located sparsely, each target will block a disjoint subset of paths and thus can be separated and individually
located. However, when many targets exist or two targets are too close to each other, it’s still challenging to
accurately localize each of them.
We study the performance of D-Watch for multi-target
localization. To evaluate the granularity of multi-target
localization, we employ three glass bottles placed on a
2 m×2 m table as shown in Fig. 20. The bottles are
ﬁlled with water. We place two small-antenna arrays at
the midpoint of the bottom and right of the table. 26
tags are placed at the other two sides. Fig. 19 (a)∼(c)
shows three snapshot localization results when the three
targets are separated roughly by 130 cm, 50 cm and

6.5 Impact of Number of Tags
With more tags, more signals will be reﬂected creating more paths to cover the monitoring area and constraint the target’s location. In the library environment,
we vary the number of tags from 7 to 47 with a step size
of 5. The experimental results match our expectations
as shown in Fig. 17. So both the number of tags and
reﬂectors can actually increase the multipaths in the environment. Thus, in an indoor environment with more
reﬂectors, the density of the tags can then be reduced.
Note that, more tags are helpful for improving the localization accuracy. However, the localization accuracy
of D-Watch is mainly related to the AoA estimation ac5

Coverage rate is deﬁned as the number of locations can
be localized divided by total number of test locations.



(a) Targets are 130cm apart.
(b) Targets are 50cm apart.
(c) Targets are 20cm apart.
Figure 19: Performance of multi-target localization. (a)-(c) show the heatmaps of three snapshot localization results.

Figure 20: A 2 m × 2 m table area Figure 21: Passively track the ﬁst’s Figure 22: Fist tracking accuracy of
with three glass bottle targets.
writing in the air.
D-Watch.
shows that the median tracking error can be as small
as 5.8 cm and 9.7 cm when 26 tags and 13 tags are
employed respectively.

20 cm respectively. For each snapshot, we collect 30
data samples and the localization results are mapped
into the heatmap, where the red dot represents the location estimate and the black cross indicates the ground
truth. D-Watch localizes the three targets accurately
with a maximum error of 17.2 cm when they are located sparsely, such as 130 cm and 50 cm apart. When
the three targets are close to each other within 20 cm,
the three targets have a tendency to merge into one on
the heatmap and D-Watch can not localize each individual of them accurately. We believe with more number
of antennas such as 16 and 64, ﬁner AoA resolution can
be achieved and we can further increase the accuracy
and separability for multi-target localization.

7. RELATED WORK
Device-free Localization. Early device-free localization works rely on visible light camera [28, 30] and
infrared sensor [21, 19]. Camera-based methods heavily reply on lighting conditions and have severe privacy
issue. Infrared-based methods have diﬃculties to penetrate the walls. On the other hand, low frequency RF
waves can penetrate walls easily [7, 8, 55, 16] and RF infrastructures are widely available. Thus, there are growing interests in exploring RF signals for device-free localization. Among RF-based methods, most device-free
localization systems are RSSI/CSI ﬁngerprint-based [41,
42, 10, 11, 49, 43]. They translate the localization
problem to a ﬁngerprint matching problem while each
location is associated with a unique RSSI or CSI ﬁngerprint [49]. The feasibility has been demonstrated
for diﬀerent technologies including RFID [55, 18], WiFi [33, 49] and ZigBee [57, 10]. However, ﬁngerprintbased methods need a large amount of human eﬀorts to
acquire and update the ﬁngerprint database. Changes
in the environment, such as the movements of furniture,
will change the ﬁngerprints [51], causing mismatches
between the database and the new measurements. DWatch on the other hand, does not need any labor-

6.8 Application Example: Tracking Fist in
the Air for Virtual Screen Touch
One popular application in the research community
recently is drawing in the air [39] or tracking the human’s ﬁne-grained gestures [12]. We brieﬂy investigate
the capability of D-Watch on these applications. We let
a human user write the characters “P” and “O” along a
pre-marked trajectory using his ﬁst in the 2 m×2 m table area as shown in Fig. 21. The user moves his hand
at a natural writing speed, i.e., about 0.5 m/s. Fig. 21
shows that the trajectory of the user’s ﬁst measured by
D-Watch matches the ground truth quite well. To understand the tracking accuracy of D-Watch, we mark
a set of continuous test points on the table. Fig. 22



intensive training eﬀorts, and only requires several baseline AoA measurements which can be carried out automatically without human interventions within seconds.
Recently, a lot of RSSI model-based device-free localization systems were proposed in order to reduce or
even avoid the oﬄine training eﬀorts, such as RFIDbased Tadar [55] and Twins [18] systems, Wi-Fi-based
LiFS [44] and ACE [33] systems, ZigBee-based RTI [48]
and RASS [57] systems, etc. The basic idea of these approaches is to model the wireless propagation channels
mathematically and then estimate the target location
from the distorted wireless signal. However, due to the
complicated multipath situation in indoor environment,
mathematical models do not ﬁt well and the location
accuracy is hence coarse. Also as the models focus on
the LoS path, a dense transceiver deployment is usually needed to cover the area. Moreover, they require
the prior knowledge of the locations of the transceivers,
which are sometimes impractical. In contrast, D-Watch
utilizes both the LoS path and the reﬂection paths for
localization purpose, which signiﬁcantly increases the
coverage area and accuracy. The deployment density
can thus be reduced, making it a promising candidate
for large scale deployment. Further, D-Watch does not
need to know the locations of the signal sources (such
as the RFID tags or mobile devices) so the proposed
system has a high ﬂexibility for real life deployment.
Researchers also proposed some ﬁne-grained devicefree localization systems, such as Wi-Vi [8], Witrack [7],
mtrack [47], etc. These systems though being able to
achieve a high accuracy, require either dedicated signal (frequency modulated carrier wave, FMCW), specialized hardware (USRPs, WARP) or a very large bandwidth (60 GHz). Unlike these approaches, D-Watch is
built on top of low cost COTS RFID devices and eﬃciently utilizes the “detrimental” multipaths to improve
the coverage rate and localization accuracy.
Phase Calibration. Besides the wired phase calibration method introduced in ArrayTrack [51], some
wireless phase calibration methods have also been proposed in Argos [37] and Phaser [17]. The method proposed in Argos can not be applied directly to our case
as the RFID reader does not support transmission from
one antenna on the reader to the other antennas. Also
Argos requires all the transceivers to cooperate with
each other for calibration, which interrupts the ongoing data transmissions. To overcome this limitation,
Phaser is proposed and can carry out auto-calibration
without interrupting the ongoing transmission. However, the calibration accuracy of Phaser is coarse. Our
proposed calibration method not only achieves a much
higher accuracy but also does not interrupt the ongoing
data communication.

be detected. In this case, D-Watch can utilize the mobility of a target to mitigate this problem. A human target moves continuously in space and the target can still
be localized before and after entering into the “deadzone”. These location information can then be utilized
to estimate the target’s current location when target is
in the “deadzone”. Moreover, there are rich multipaths
in a typical indoor environment and the tags are very
cheap so we can increase the number of tags to reduce
the amount of deadzones. Thus, the probability of this
extreme case is quite low in reality.
Mobility: Since the human target moves continuously, we can track the target by snapshots. In the
indoor environment, the walking speed of a human is
around 1–2 m/s. Note that the transmission interval of
D-Watch is 0.1 s so the target moves only 10–20 cm in
this short period which does not aﬀect D-Watch’s performance much. Also Doppler shift can be applied to
estimate the target’s walking speed to further improve
the location accuracy.
Latency of D-Watch: The system latency includes
the time to collect packets and the time to calculate
the target location. We run our localization algorithm
many times and the average processing time is 57 ms.
2–3 packets are employed for localization in D-Watch.
The time taken to collect data packets depends on how
frequently the packets are sent out. If the packet is sent
out every 100 ms, the end-to-end system latency of our
system is still well below 0.5 s.

9. CONCLUSION
D-Watch is the ﬁrst device-free localization system
that utilizes both the direct path and multipaths to
provide decimeter-level localization accuracy without
oﬄine training. We propose a wireless phase calibration scheme to remove the random phase oﬀsets at the
radio front ends and a novel power MUSIC algorithm
to accurately detect the angle information of the target. Comprehensive real-world experiments in diﬀerent environments demonstrate the eﬀectiveness of DWatch. D-Watch can further localize multiple targets
accurately which is a well known challenging problem
in passive tracking. D-Watch outperforms the state-ofthe-art systems and can be extended to work with other
RF technologies and support other applications.
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8. DISCUSSION
Deadzone problem: When a target does not block
any path, it is in a “deadone” where the target can not
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