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Abstract—In this paper, we study the problem of utilizing a
sparse RFID tag array for backscatter indoor localization. We
first theoretically and experimentally validate the feasibility of
using RFID tag array for direction of arrival (DOA) estima-
tion. We then present the SparseTag system, which leverages
a novel sparse RFID tag array for high-precision backscatter
indoor localization. The SparseTag system includes sparse array
processing, difference co-array design, DOA estimation using
a spatial smoothing based method, and a localization method,
while a robust channel selection method based on the RFID tag
array is proposed for mitigating the indoor multipath effect.
The SparseTag system is implemented with commodity RFID
devices. Its superior performance is validated in two different
environments with extensive experiments.

Index Terms—RFID; indoor localization; direction of arrival,
sparse tag array; difference co-array.

I. INTRODUCTION

With the rapid growth of Internet of Things (IOT), the Radio

Frequency Identification (RFID) technology has been regarded

as an effective and low-cost solution for many emerging IoT

applications [1]–[4]. Existing works on RFID tag localization

include received signal strength indication (RSSI) based [5]

and phase based [6]–[10] methods. Recently, RFID tag array

has drawn increasing attention, which has been used for

orientation tracking, 3-Dimensional (3D) reconstruction, and

localization. These works mainly leverage the RFID phase

information collected using an RFID reader [11]. For example,

Tagyro uses a hologram based method to transform phase off-

set to orientation of the RFID tag array [12], which can track

the 3D orientation of passive objects. RF-Wear is developed

for orientation estimation with a uniform linear array (ULA),

which is used for body-frame tracking [13]. RF-3DScan [14]

and 3DLoc [15] utilize a moving antenna for 3D reconstruction

and localization, respectively, with an RFID tag array.

A unique challenge for using an RFID tag array is the

mutual coupling among adjacent tags, which leads to a fre-

quency offset as well as an amplitude offset of the resonance

peak [16], [17]. The Trio system aims to take advantage of

tag interference for accuracy localization [18]. It leverages two

moving tags as reference. When the reference tags are closer

to the target tag, the three tags will produce a large inter-

ference, which affects the RSSI. Exploiting phase difference

information, multiple pairs of tags are used for localization and

reader calibration in [19]. This work is based on the hyperbolic

based method, and requires solving an optimization problem

to achieve high localization accuracy.

Although interesting results have been demonstrated, it is

still an open problem to use direction of arrival (DOA) for

accurately localizing static tags. This is an important problem,

since in many RFID applications, tags are not moving. To

achieve higher accuracy of angle estimation, more tags should

be employed in the tag array. However, the tag density could

be very high when multiple tags are placed on a small surface

of the object, such as a book or a small package. In such

scenarios, the accuracy is heavily influenced by the strong

coupling effect. Thus, how to design a suitable tag array under

strong mutual coupling for accurately DOA estimation is still

a big challenge.

In this paper, we study the problem of applying RFID

tag arrays for backscatter indoor localization under mutual

coupling and multipath effect. We propose a new sparse RFID

tag array design, where tags are not placed at a constant

distance from each other. This arrangement can achieve highly

accurate localization of static tags with a limited number

of tags. We first introduce the measured phase and phase

difference information between two tags. We then prove that

when the two tags have strong mutual coupling, if they have

the same chip and antenna input impedance, the ratio of their

equivalent source currents equals to the ratio of their equiv-

alent source voltages. This implies that the phase difference

between the two tags is independent to the coupled voltage

and the mutual impedance, which provides the underpinning

for employing RFID tag arrays for DOA estimation even under

mutual coupling. Next, we experimentally demonstrate that for

two tags with mutual coupling, the phase from a single tag

has large variations, but the phase difference between the two

tags is quite stable. This validates the earlier analysis on the

independence of phase difference to mutual coupling.

We present the SparseTag system, i.e., a Sparse RFID Tag

array system for high-precision backscatter indoor localization.

We first model the sparse array processing for DOA estimation,

which is quite different from the traditional MUSIC based

method with a ULA [20]. The key is to obtain a new signal

vector with a difference co-array, which is a longer array

whose antenna locations are not evenly spaced. In addition,

we design a new sparse RFID tag array. Our new design has

a symmetric structure, which helps to mitigate the mutual

coupling effect. We derive its difference co-array and prove

several properties, such as its hole-free feature, degrees of free-
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dom (DOF), and weight function. We analytically show why

the proposed sparse RFID tag array can outperform ULA on

DOA estimation. Then, we develop a DOA estimation scheme

using the difference co-array of the proposed sparse RFID

tag array with a spatial smoothing based method. Finally, we

provide a localization method based on the two estimated

DOAs, where a robust channel selection method is proposed

for mitigating the multipath effect. We implement SparseTag

with commodity RFID devices and evaluate its performance

in two indoor environments, including a computer laboratory

and an anechoic chamber, where superior angle estimation and

location performance are demonstrated.

The main contributions of this paper are summarized below.

• We theoretically and experimentally validate the feasibil-

ity of utilizing an RFID tag array for DOA based indoor

localization. To the best of our knowledge, this is the first

work to leverage sparse RFID tag array for backscatter

indoor localization with no need to move either the tags

or the antenna(s).

• We design the SparseTag system, which includes sparse

array processing, difference co-array design, DOA es-

timation using a spatial smoothing based method, and

localization method. We propose a new sparse RFID tag

array design and analytically prove its superior perfor-

mance over ULA. Moreover, a robust channel selection

method based on the sparse tag array is proposed for

mitigating the indoor multipath effect.

• We implement SparseTag with commodity RFID devices

and evaluate its performance in two indoor environments,

including a computer laboratory and an anechoic cham-

ber. The experimental results verify the effectiveness of

the proposed SparseTag system.

In the remainder of this paper, we analyze phase difference

and multual coupling in Section II. We present the SparseTag

design in Section III and validate its performance in Sec-

tion IV. Section V summarizes this paper.

II. PHASE DIFFERENCE AND MUTUAL COUPLING

A. RFID Phase and Phase Difference

According to FCC regulations, Ultra High Frequency (UHF)

RFID readers adopt channel hopping to avoid co-channel

interference. In the US, UHF RFID readers operate in the

band from 902.5 to 927.5 MHz and hop among 50 different

frequencies with 0.2s on each channel. From the RFID reader

manual [21], the measured phase ϕ can be modeled as

ϕ = mod

(

2π2l

λ
+ αT + αR + αTag, 2π

)

, (1)

where l is the tag-reader distance, λ is the wavelength, and

αT , αR, and αTag are the phase offsets caused by the

transmitter circuit, the receiver circuit, and the tag’s reflection

characteristics, respectively. When a single tag is used, we find

that although the measured phase for a fixed distance over

the same frequency is constant, it cannot be directly used for

distance estimation because of the phase offsets.

To remove the phase offset, we employ an RFID tag array

and measure the phase difference ∆ϕ1,2 between two adjacent

tags 1 and 2, i.e.,

∆ϕ1,2 = mod

(

2π2l1
λ

−
2π2l2
λ

+αTag1−αTag2, 2π

)

, (2)

where l1 and l2 are the tag-reader distances, and αTag1 and

αTag2 are the reflection characteristics from tag 1 and tag 2,

respectively. This way, the phase offsets from the transmitter

and receiver circuits can be removed. Moreover, for a far-

field environment, the incoming wave is like a plane wave.

Thus, the phase difference ∆ϕ1,2 between tag 1 and tag 2
can be used for estimating the unique DOA when the distance

between the two tags is less than λ
4 (because of the round-trip

distance) [19]. For accurate DOA estimation, we will focus on

the effect of (αTag1 − αTag2) in the rest of this section.

B. Mutual Coupling of RFID Tags

When multiple RFID tags are placed close to each other, the

mutual coupling between their antennas becomes a significant

factor affecting the system performance. Consider the parallel

linear dipoles of two tags. When their distance becomes

smaller, the mutual coupling effect will be stronger. The

coupling effect will change the characteristics of tag antennas,

thus influencing the measured phase values and the received

power. We next analyze the impact of mutual coupling on

measured phase difference and effectiveness of sampling.

Following the UHF Gen 2 protocol, tags talk to the RFID

reader with an anti-collision algorithm [22]. With the algo-

rithm, multiple tags may respond to the reader simultaneously

and send their RN16, but only one tag can be activated and

send the EPC together with the low level data in every time

slot. Fig. 1 shows the equivalent circuits of two tags with

mutual coupling under two scenarios [23]. Here, V1 and V2

are the equivalent source voltages when Tag 1 and Tag 2 are

activated, respectively; I1 and I2 are the equivalent source

currents when Tag 1 and Tag 2 are activated, respectively;

ZL1 and ZL2 are the chip impedances, and ZA1 and ZA2 are

the antenna input impedances of Tag 1 and Tag 2, respectively.

We have the following theorem.

Theorem 1. When two tags have strong mutual coupling, if

they have the same chip and antenna input impedances, i.e.,

ZL1 = ZL2 and ZA1 = ZA2, the ratio of their equivalent

source currents equals to the ratio of their equivalent source

voltages, i.e., I1/I2 = V1/V2.

Proof: When Tag 1 is activated, the current I1 in Tag 1

will produce a magnetic field, thus leading to a coupled voltage

V21 = Z21I1 in Tag 2, where Z21 is the mutual impedance in

Tag 2 because of Tag 1. This coupled voltage V21 in Tag 2

will induce a current Im2 , which also causes a coupled voltage

V12 = Z12I
m
2 . Then we have

{

I1(ZL1 + ZA1) = V1 + Z12I
m
2

Im2 (ZL2 + ZA2) = Z21I1.
(3)
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Fig. 1. Equivalent circuit of two tags with mutual coupling.

For the same pair of tags, their mutual impedances are

identical [23]. We use Zm instead of Z12 or Z21 to simplify

notation. The current I1 in Tag 1 is

I1 =
V1

Z0 − Z2
m/Z0

, (4)

where Z0 = ZL1 +ZA1 = ZL2 +ZA2. Similarly, when Tag 2

is activated, we have the following equations.
{

Im1 (ZL1 + ZA1) = Z12I2
I2(ZL2 + ZA2) = V2 + Z21I

m
1 ,

(5)

where Im1 is induced from the coupling voltage V12. We derive

the current I2 in Tag 2 as

I2 =
V2

Z0 − Z2
m/Z0

, (6)

It follows that I1/I2 = V1/V2.

Define Ii = |Ii|∠Ii and Vi = |Vi|∠Vi, i = 1, 2, where

|·| denotes the amplitude and ∠ denotes the phase. It follows

Theorem 1 that

∠I1 − ∠I2 = ∠V1 − ∠V2. (7)

Therefore, the phase difference between the currents of the two

tags (i.e., ∠I1 − ∠I2) only depends on the phase difference

between the source voltages of the two tags (i.e., ∠V1−∠V2),

which is independent to the coupling voltage and mutual

impedance. The measured phase at the RFID reader depends

on the phase of the current that triggers the backscattered

signal [24] (as well as the tag-reader distance). Thus the

measured phase difference between the two tags is independent

to the coupling voltage and mutual impedance. The impact

of mutual coupling on the measured phase difference is thus

limited. Note that as shown in (4) and (6), the currents I1 and
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Fig. 2. Impact of mutual coupling on phase and phase difference.

…...

2cm
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Fig. 3. Experiment scenario for impact of mutual coupling on phase
difference.

I2 themselves are functions of the mutual impedance Zm, so

the measured phase itself is susceptible to the coupling effect.

To evaluate the impact of mutual coupling on measured

phases and measured phase differences, we conduct the fol-

lowing two experiments to verify our analysis. In the first

experiment, we measure the phase of a tag on a specific

channel, while placing another tag next to it; the phase values

under different coupling distances are collected. In the upper

plot of Fig. 2, we plot the phase errors at different coupling

distances. The ground truth is measured without the second tag

(i.e., absence of the coupling effect). We find that the phase

errors are all larger than 0.2 radians when the tag distance is

smaller than 16 cm. Only when the distance is longer than 16

cm, the change of phase becomes lower than 0.1 radians. Thus,

to avoid the coupling effect on measured phase, the distance

of two adjacent tags must be larger than 16 cm.

In the second experiment, we evaluate the mutual coupling

effect on measured phase difference, where two tags are placed

on the same plane parallel to each other. As shown in Fig. 3,

we first employ only a single tag. We put Tag 1 at each of the

locations that are 2 cm apart, and measure the phase of the
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tag at each location. Then we subtract the measured phase at

the left-most position from the measured phases at all other

locations, to obtain the ground truth of phase difference (under

no coupling effect). Then, we put Tag 1 back to the left-most

position, and put Tag 2 at each of the 2 cm apart positions.

We then measure the phase difference between the two tags

at various tag-to-tag distances from 2 cm to 16 cm. In the

lower plot of Fig. 2, we present the phase difference errors

(as compared to the ground truth) over tag distances. Because

of multipath effect and thermal noise, there are still some

error between ground truth and measured phase difference.

However, we find most of the errors are lower than 0.1 radians,

implying that the phase difference of the two tags in the

same plane is not heavily affected by mutual coupling. This

experiment validates Theorem 1, which ensures the feasibility

for using an RFID tag array for DOA estimation.

Note that this experiment is different from Tagyro [12].

Tagyro is focused on the change of phase difference when

one tag rotates around another fixed tag. Since the relative

orientation between the two tags affects the mutual impedance,

the mutual coupling effect will be different when the tag has

different rotation angles. Thus, Tagyro requires phase differ-

ence calibration using a hologram based method to transform

phase offset to orientation of the RFID tag array.

Consider a ULA tag array that has been interrogated by a

reader for a period of time. In fact, the tags cannot be too

close to each other, because the strong mutual coupling will

make it harder for the reader to detect the tags. Through our

extensive experiments, we find the tags closer to the center of

the array are usually sampled by the reader at a lower rate.

This is because the coupling effect caused by tags on both

sides are very strong due to the short distance to the center tag.

To ensure that all tags in the array can transmit a sufficient

amount of information to the reader, the density of the tag

array cannot be too high. This motivates us to design a sparse

RFID array.

III. THE SPARSETAG SYSTEM

A. SparseTag System Design

As shown in Fig. 4, the SparseTag design employs an RFID

tag array and two antennas (i.e., RFID readers), each of which

can extract phase information from the 50 different frequencies

used for channel hopping. The idea is to use the RFID tag array

for determining the DOA between the center of the array and

each antenna. Then, based on the two estimated DOA values

and the known reader antenna positions, the center position of

the RFID tag array can be accurately determined.

The main challenge of SparseTag is how to effectively

estimate DOA values using a limited RFID tag array, which

is attached on a small object (e.g., a book or an iPad). The

traditional ULA design requires half of wavelength as the

minimum distance between two tags, and usually the MUSIC

algorithm is used for DOA estimation [20]. In fact, ULA is not

proper for localizing a small object with an RFID tag array,

because half of wavelength is approximately 16 cm already

(the RFID reader operates from 902.5 MHz to 927.5 MHz).

/16d l=

1q

1q
2q

2q

Antenna 1 Antenna 2

Fig. 4. The proposed SparseTag system with two readers and one sparse tag
array.

Moreover, an N -element ULA with the traditional MUSIC

method only estimates up to (N−1) DOA values, and employs

spatial smoothing for decorrelating uncorrelated sources. The

maximum number of estimated DOA values will be halved. In

this paper, we propose a new sparse RFID tag array design

to improve the success rate of sampling, where the minimum

distance between two tags is only λ/16. Since the width of a

normal RFID tag is about 1cm, the minimum distance between

two tags should be larger than 1 cm to avoid overlapping of

tags. Thus we set the minimum distance between two tags

in our array as λ/16, which is about 2cm. Furthermore, we

design the difference co-array for the sparse RFID tag array,

which can obtain a higher DOA resolution with measured

phase information. The SparseTag system consists of four

components: (i) Sparse Array Processing, (ii) Co-array Design,

(iii) DOA Estimation, and (iv) Localization Method, which

will be discussed in the following.

B. Sparse Array Processing

Since the number of tags should be limited (when po-

sitioning small objects), we will incorporate a sparse array

for DOA estimation, with an N -element, nonuniform linear

antenna array instead of a ULA with MUSIC [20]. Denote

the steering vector for direction θ as ~a(θ). The ith element of

~a(θ) is exp{j 2π
λ
di sin θ}, where di is the position of the ith

tag and λ is the carrier wavelength. Consider D multipaths

for the indoor environment, with directions θi and powers σ2
i ,

i = 1, 2, ..., D, respectively. The received signal at time t is

given by

~g[t] =

D
∑

i=1

~a(θi)si[t] + ~n[t] (8)

= A~s[t] + ~n[t],

where A = [~a(θ1),~a(θ2), ...,~a(θD)] denotes the array man-

ifold matrix, ~s[t] = [s1[t], s2[t], ..., sD[t]]T is the source
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signal vector, and ~n[t] is the white noise vector. Assume

that the multipaths are temporally uncorrelated. Thus, the

source autocorrelation matrix is diagonal. By leveraging the

second order information of the received signal, we derive the

covariance matrix of ~g(t) by

Rgg = E[~g(t)~g(t)H ] (9)

= ARssA
H + σ2

nI

=

D
∑

i=1

σ2
i~a(θi)~a(θi)

H + σ2
nI.

Then, by vectoring matrix Rgg, we obtain the measurement

vector as the following.

~z = vec(Rgg) (10)

= vec

[

D
∑

i=1

σ2
i~a(θi)~a(θi)

H

]

+ σ2
n
~1n

= (A∗ ⊙A)~p+ σ2
n
~1n,

where ~p = [σ2
1 , σ

2
2 , ..., σ

2
D]T , ~1n = [~eT1 , ~e

T
2 , ..., ~e

T
N ]T , and ~ei is

a column vector with 1 at the ith position and 0 at all other

positions. Note that ~z is considered as the signal received at

an array with a manifold given by (A∗ ⊙ A) [25], where

⊙ denotes the Khatri-Rao (KR) product. Matrix (A∗ ⊙ A)
can be considered as the manifold of a longer array whose

antenna positions are provided by the different values in set

~xi − ~xj , 1 ≤ i, j ≤ N , where ~xi denotes the location vector

of the ith tag of the array. This new array is called the

difference co-array [25]. We perform DOA estimation using

the difference co-array instead of the traditional array, which

can exploit the second-order statistics of the received RFID

signal to effectively increase the DOF.

C. Difference Co-array Design

1) Definitions:

Definition 1. (Difference Co-Array). Consider a sparse N -

element RFID tag array and let ~xi denote the location vector

of the ith tag. The difference co-array is defined as [25]

D = {~xi − ~xj , 1 ≤ i, j ≤ N} . (11)

The difference co-array can be considered as a new array

where RFID tags are put at the locations in set D. Moreover,

the different values of the cross correlation terms in the

covariance matrix of the received signal by the sparse RFID

tag array can be determined by the number of elements in

the difference co-array, which helps to increase the number of

estimated DOAs.

Definition 2. (Restricted Array). A sparse N -element RFID

tag array is a restricted array if its difference co-array is hole-

free [26].

If the difference co-array is hole-free, it is also a ULA. Thus,

the traditional subspace based MUSIC algorithm can be used

for DOA estimation with a hole-free difference co-array. For

example, if the tags are deployed at locations that are given

by set S, as

S = {md,m = 1, 2, 4} . (12)

where d is the minimum distance between two adjacent tags.

Its difference co-array can be calculated as

D =
{

−~3,−~2,−~1,~0,~1,~2,~3
}

. (13)

although the 3d position is missing in the example sparse array,

there is no missing vector in the difference co-array set D (i.e,

including all the vectors from −~3 to ~3), which means the array

is still suitable for the MUSIC algorithm.

Definition 3. (Degree of Freedom): The DOF of a sparse

RFID array is the cardinality of its difference co-array D [25].

The DOF of a sparse RFID array can be computed by the

cardinality of its difference co-array D, which indicates the

maximum number of estimated DOAs.

Definition 4. (Weight Function). For a sparse N -element

RFID tag array, its weight function w(~d) is the number of

tag pairs that can achieve the difference co-array element ~d.

The weight function is defined as [25]

w(~d) =
∣

∣

∣

{

(~xi, ~xj)|~xi − ~xj = ~d
}∣

∣

∣
, ~d ∈ D. (14)

The weight function measures the strength of mutual cou-

pling, which is helpful for our sparse RFID tag array.

2) Design of Difference Co-array: For a fixed N -element

sparse RFID tag array (N is an odd number), the tag locations

are given by set S, as

S = {md,m = 1, ..., (N + 1)/2− 1,

(N + 1)/2 + 1, (N + 1)/2 + 3, ..., N + 2} . (15)

where the minimum distance is set to d = λ/16, which enables

the use of a small-sized RFID tag array. Note that the proposed

sparse RFID tag array has a symmetric structure, where the

left and right sections have the same space separate with d.

Moreover, the distance from the two tags at (N+1
2 − 1)d and

(N+1
2 + 3)d to the center tag (at location N+3

2 d) is both 2d,

which causes the sparseness of the proposed array.

The design of the sparse RFID tag array has three key

features. First, because of the symmetric structure, strong

mutual coupling typically found in small RFID tag arrays

can now be greatly reduced, thus enabling accurate DOA

estimation. Second, a smaller sparse RFID tag array can avoid

the reduction of sampling rate of the center tag, because the

three middle tags are separated at a larger distance 2d. Third, a

smaller sparse RFID tag array can improve the DOA resolution

and is easy to attach to small objects.

The difference co-array of the proposed sparse RFID tag

array can be obtained by the following position set Sd, as

Sd = {md,m = −(N + 1), ..., (N + 1)}. (16)

We have the following theorems for the difference co-array

of the sparse RFID tag array.
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Theorem 2. The proposed sparse RFID tag array is a

restricted array, i.e., it is a hole-free difference co-array.

Proof: The difference co-array of the proposed sparse

RFID array is an ULA, which is a hole-free difference co-

array based on the position set Sd. Therefore, it is a restricted

array. This proofs the theorem.

Corollary 2.1. The proposed sparse RFID array has the same

co-array as an (N + 2) ULA.

Proof: First, the proposed sparse RFID array has the same

boundary positions at d and (N + 2)d as an (N + 2) ULA.

Moreover, these two arrays are both restricted arrays. Thus,

the proposed sparse RFID tag array has the same co-array as

the (N + 2) ULA.

Theorem 3. The DOF of the sparse N -element RFID tag

array is 2N + 3.

Proof: For the proposed sparse RFID array with set S ,

the cardinality of its difference co-array Sd is 2N + 3. Thus,

its DOF is 2N + 3 according to Definition 3.

Theorem 4. For the sparse N -element RFID tag array, its

weight function w(~d = ~0) = N , and w(~d = ~1) = N − 3.

Proof: The case ~d = ~0 occurs if ~xi = ~xj . For an N -

element array, this case occurs N times, when i = j =
1, 2, ..., N . Thus w(~d = ~0) = N .

On the other hand, consider two different subarrays with

position sets Sl = {md,m = 1, ..., N+1
2 − 1} and Sr =

{md,m = N+1
2 + 3, ..., N + 2}. The case ~d = ~1 occurs

N+1
2 − 2 times in each subarray. Moreover, for the subarray

with position set Sc = {md,m = N+1
2 −1, N+1

2 +1, N+1
2 +3},

the case ~d = ~1 does not occur at all. Thus we have w(~d =
~1) = (N+1

2 − 2) ∗ 2 = N − 3. This proofs the theorem.

Based on the above theorems, we conclude that

• The N -element sparse RFID tag array has the same DOF

as an (N + 2)-element ULA. The maximum number of

estimated DOAs can be improved by using the proposed

sparse array, compared with the ULA with the same

number of tags using the subspace-based MUSIC method.

• Because the proposed sparse array has a smaller w(~d =
~1) = N−3 than the (N+2)-element ULA, the proposed

array can achieve a higher sampling rate.

Figs. 5 and 6 present a seven-tag ULA and its weight

function, and a five-tag sparse array and its weight func-

tion, respectively. We can see that the five-tag sparse array

has the same DOF of 13 as the seven-tag ULA, because

they have the same difference co-array. Moreover, it can

be seen that w(~1) = 2 for the five-tag sparse array, while

w(~1) = 6 for the seven-tag ULA.

• Although other sparse arrays, such as co-prime array [27],

nested array [25], and super nested array [28], can achieve

larger DOFs than the proposed array, these arrays are not

proper for RFID deployment for two reasons. First, these

arrays require a larger space, which is not suitable for

localizing small objects. Second, these arrays do not have
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Fig. 5. A 7-tag ULA and its weight function. Antenna sign is 1 means a
tag will be placed at the corresponding location.
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Fig. 6. A 5-tag sparse array and its weight function. Antenna sign is 1 means
a tag will be placed at the corresponding location

a symmetric structure. Thus, they suffer from stronger

mutual coupling effects, which usually cause larger DOA

estimation errors.

D. DOA Estimation

We next estimate DOA with the difference co-array of

the proposed sparse RFID tag array, employing a spatial

smoothing based method. This is different from the traditional

spatial smoothing base approach for mitigating correlated

sources [25]. This technique creates an observation matrix for

the difference co-array, and thus avoids the use of the high-

order cumulative signal.

From (10), we obtain the new array manifold (A∗ ⊙ A)
with dimension N2×D. Recall that the DOF of the proposed

difference co-array is 2N + 3. Thus, we can create a new

matrix B of dimension (2N+3)×D by removing the repeated

rows in the array manifold (A∗ ⊙A). Then, we sort the new

matrix so that the ith row corresponds to the RFID tag position

(−N − 1+ i)d in the proposed difference co-array. We obtain
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a new vector ~y, which is given by

~y = B~p+ σ2
n~e, (17)

where ~e ∈ ℜ(2N+3)×1 is a vector of all zeros except a single

1 at the (N + 1)th position.

According to (16), we separate the co-array into (N + 1)
overlapping subarrays, each of which has (N + 1) elements.

The ith subarray is deployed at the following position set:

Si = {(−i+ 1 +m)d, m = 0, 1, ..., N}. (18)

We define ~yi as a new vector for the ith subarray, which

consists of elements of ~y from the (N + 1 − i + 1)th to the

(2N + 1− i+ 1)th position. The vector ~yi is given by

~yi = Bi~p+ σ2
n~e

i, (19)

where Bi is a (N + 1) × D matrix, which consists of the

(N +1− i+1)th to the (2N +1− i+1)th rows of B and ~ei

is a vector of all zeros except a single 1 at the ith position.

Next, we obtain the spatially smoothed matrix Rs, given by

Rs =
1

N + 1

N+1
∑

i=1

~yi~y
H
i . (20)

Finally, we implement DOA estimation based on matrix Rs.

The maximum number of estimated DOAs is N , which is

larger than the MUSIC based ULA approach using spatial

smoothing (for which the maximum number of estimated

DOAs is (N − 1)/2). In the SparseTag design, we use a

directional antenna to increase the transmission range. Thus,

LOS is the dominant component of the wireless channel,

which leads to a strong incoming wave. The proposed RFID

tag array can achieve a higher angle resolution than the

traditional MUSIC method.

E. Localization Estimation

The SparseTag system consists of an RFID tag array and

two reader antennas, each of which can extract phase informa-

tion from each of the 50 channels. In indoor environments, not

all channel information are reliable because of the multipath

effect. To this end, we propose a robust channel selection

method based on the sparse RFID tag array.

Let ϕ(i,fm)(t) denote the phase value from tag i on fre-

quency fm at time t. The phase difference ∆(i,fm)(t) between

tag i and tag i+ 1 is

∆(i,fm)(t) = ϕ(i+1,fm)(t)−ϕ(i,fm)(t), i = 1, ..., N−1. (21)

Among the phase difference values ∆(i,fm)(t) of all frequen-

cies, we select the medium value for improved robustness,

because usually only a few channels are corrupted by the mul-

tipath effect. After channel selection, we recompute the phase

values for all tags. Setting the phase of Tag 1 ϕ(1,fm)(t) = 0
at time t, the phase value of Tag i is

ϕ(i,fm)(t) = ϕ(i−1,fm)(t)+∆(i−1,fm)(t), i = 2, ..., N. (22)

We next reconstruct the received signal, as

ĝ(t)= [e(j(2π−ϕ(1,fm)(t))), ..., e(j(2π−ϕ(N,fm)(t)))]. (23)
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Fig. 7. Angle estimation results using ULA and SparseTag.

Here we use 2π−ϕ(1,fm)(t) because of the RFID reader phase

operation. Using the received signal from multiple snapshots

(each consisting of samples from the 50 channels), we can

estimate two DOA values using the proposed method with

the sparse RFID tag array. Fig. 7 presents the power spectrum

function calculated for SparseTag and ULA arrays at the same

position. The ground truth DOA is marked by the red line,

which is 28◦. From Fig. 7, we observe that the peak of

SparseTag is much sharper and closer to the ground truth

than that of ULA with MUSIC. The DOA estimation based

on SparseTag is more accurate than ULA, because SparseTag

achieves a larger number of DOFs than ULA.

Once the two DOA values are estimated, we can leverage

them for locating the RFID tag array. Let the tag array be the

x-axis, and the y-axis be perpendicular to the tag array. Let

(xi, yi) denote the position of RFID reader i, i = 1, 2, and

(xc, yc) denote the center position of the tag array. The two

DOA values satisfy
{

cot(θ1) =
yc−y1

xc−x1

cot(θ2) =
yc−y2

xc−x2
,

(24)

where the cotangent function is defined as cot(θ) =
cos(θ)/ sin(θ). Solving the two equations in (24), the center

position of the RFID tag array can be computed as

xc =
x1 cot(θ1)− x2 cot(θ2) + y2 − y1

cot(θ1)− cot(θ2)
(25)

yc =
(x1− x2) cot(θ1) cot(θ2) + y2 cot(θ1)− y1 cot(θ2)

cot(θ1)− cot(θ2)
.

(26)

IV. EXPERIMENTAL STUDY

A. Experiment Configuration

To evaluate the performance of SparseTag, we develop a

prototype with an off-the-shelf Impinj R420 RFID reader

equipped with two circular polarized antennas. The channel

used to scan RFID tags automatically hops among 50 channels

from 902.5 MHz to 927.5 MHz, which is FCC-compliant. A

Lenovo Thinkpad S3 laptop is used as a user interface and
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Fig. 8. CDFs of angle errors using a 5-tag SparseTag and a 5-tag ULA in
the computer lab experiment.

for signal processing. The software used in our experiment

is based on an RFID library, which allows the computer to

communicate with the RFID reader. The RFID reader can

extract data from tags, including time stamp, phase angle,

RSSI, and Doppler shift based on a Low-level Reader Protocol

(LLRP). Moreover, we create RFID tag arrays using three dif-

ferent types of RFID tags, including ALN-9740, SMARTRAC

DogBone, and SMARTRAC ShortDipole.

We test the SparseTag system in a 7.5m × 5.6m computer

laboratory and an 8m × 2.4m anechoic chamber. The computer

laboratory is crowded with computers, desks, and chairs,

which can cause considerable multipath effect. In the anechoic

chamber, most multipath effect can be removed with the

special material mounted on the wall, ceiling, and floor. We

set up the coordinates for antennas and calculate the center

position of the sparse RFID tag array based on estimated angle

by each reader antenna.

B. Performance of Tag Localization

Fig. 8 presents a comparison of SparseTag with ULA in

the computer lab environment. The cumulative distribution

function (CDF) of angle errors for a 5-tag ULA and a 5-tag

SparseTag are plotted. For the 5-tag ULA, we use MUSIC

for DOA estimation [13], [20]. We can see the maximum

estimated angle error for ULA is 9.198◦, while the maximum

angle error for SparseTag is 6.161◦. The median errors for

ULA and SparseTag are 2.909◦ and 1.831◦, respectively.

Furthermore, 90% of estimated angle errors by SparseTag are

less than 5◦. We conclude that SparseTag is more accurate

on angle estimation than ULA, because SparseTag achieves a

higher angle resolutions than ULA.

Fig. 9 shows the CDF of localization errors for the 5-tag

ULA and 5-tag SparseTag. We employ the same localization

method on two different tag arrays in the same environment.

We observe that the median error for SparseTag is 4.985 cm,

while the median error of ULA is 7.611 cm. From Fig. 9, it

can be seen that the maximum error of SparseTag is 10.114
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Fig. 9. CDFs of localization errors using a 5-tag SparseTag and a 5-tag ULA
in the computer lab experiment.

cm, which is much smaller than that of ULA. SparseTag can

achieve higher accuracy of localization than that of ULA.

Since our localization method is based on angle estimation

with two antennas, higher angle estimation accuracy will

directly lead to more accurate localization estimation.

Fig. 10 and Fig. 11 are the 5-tag SparseTag results in the

computer lab and anechoic chamber environments. The CDFs

of angle errors and localization errors are plotted, respectively.

We can see that the median error of angle estimation in the

anechoic chamber is 1.125◦, while the median error in the

computer laboratory is 1.872◦. Fig. 10 also shows that the

maximum error in anechoic chamber is only 4.024◦. The angle

estimation accuracy is much higher when the system is tested

in the anechoic chamber, because the multipath effect is elimi-

nated in the anechoic chamber environment. From Fig. 11, we

also observe that the location error in the anechoic chamber is

smaller than that in the computer laboratory environment. The

median location error in the anechoic chamber environment is

3.419 cm, while the median location error in the computer lab

environment is 5.012 cm.

V. CONCLUSIONS

In this paper, we proposed SparseTag, a sparse RFID tag

array system for high accuracy backscatter indoor localization.

We designed the SparseTag system, which includes sparse

array processing, difference co-array design, DOA estimation

using a spatial smoothing based method, and a DOA-based

localization method. To mitigate the multipath effect, we

proposed a robust channel selection method. We prototyped

the SparseTag system with commercial RFID tags and reader,

and evaluated its performance in two indoor environments. The

experimental results validated the effectiveness and location

accuracy of the proposed SparseTag system.
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