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Indoor localization systems play an increasingly important role in many emerg-
ing applications, such as indoor navigation, body/behavioral analysis, aged care
and unobtrusive motion tracking, etc. In the last few decades, indoor localization
systems based on mobile phones, wearable devices, and camera have been pro-
posed. However, all of these technologies require the target to be actively involved
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Abstract. The emergence of the Internet of Things (IoT) has promoted
the interconnection of all things. And the access control of devices and
accurate service promotion are inseparable from the acquisition of loca-
tion information. We propose WiHlo, a passive localization system based
on WiFi Channel State Information (CSI). WiHlo directly estimates
the human location by refining the angle-of-arrival (AoA) of the sub-
tle human reflection. WiHlo divides the received signals into static path
components and dynamic path components, and uses phase offsets com-
pensation and direct wave suppression algorithms to separate out the
dynamic path signals. By combining the measured AoAs and time-of-
arrivals (ToAs) with Gaussian mean clustering and probability analysis,
WiHIlo identifies the human reflection path from the dynamic paths. Our
implementation and evaluation on commodity WiFi devices demonstrate
WiHlo outperforms the state-of-the-art AoA estimation system in actual
indoor environment.
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in the location process in a device-carrying manner, which we call device-based
localization [1-3]. The localization method that the target needs to carry devices
at all times is actually not feasible in reality. In the scenario where users take
the initiative to obtain location information, such as family life track tracking
and hospital health monitoring, it is against users’ habits to require a person
to wear a variety of unfamiliar devices, and even they often forget to wear rele-
vant devices. In the localization of fire rescue, it is impossible for us to require
firefighters to carry a large number of professional equipment, and the masses
waiting for rescue are usually not carrying any localization equipment. The lim-
itations of the above scenarios lead to the emergence of passive localization,
which arouses people’s interest in this field.

Passive localization technologies based on ultrasonic, radar, and computer
vision have all been studied for years. However, ultrasonic-based localization
systems have a small coverage area and significantly reduced performance in a
noisy environment [4]. Radar-based systems require very high bandwidth and
the costs are expensive [5]. Computer vision-based systems can only work in
bright Line-of-sight (LOS) environments and the privacy of users is not protected
[6]. With the development of WiFi technology, many indoor scenes can install
high-speed and stable WiFi infrastructures. These devices have low cost and
large coverage. Compared with other systems, WiFi based passive localization
systems have better application prospects.

In this work, we aim to achieve accurate passive human localization using
WiFi Channel State Information (CSI). While passive localization with only
commodity WiFi infrastructures is challenging. In these systems, the received
signals are superposition of direct path signals, static objects reflection signals
and moving human reflection signal, and the energy exponent of human reflec-
tion signal we care about is far weaker than those strong reflections. And due
to the imperfection of the hardware and the non-strict synchronization of the
transceivers, there are different offsets in phase measurements. Therefore, it is
difficult to extract useful information from the aliasing signal.

We propose WiHlo, which can get an accurate location information of human
by angle-of-arrival (AoA) refinement. The main contributions of our work are
summarized as follows:

— A Two-dimensional Spatial Smoothing (2D-SS) algorithm is applied to con-
struct a large-scale virtual antenna arrays for super-resolution estimation of
time of arrival (ToA) and AoA.

— We separate out the dynamic path signal from the aliasing signal through
our dynamic path capture algorithm. And we introduce the Gaussian mean
clustering and probability analysis to identify the human reflection path’s
AoA.

— We conduct comprehensive field studies to evaluate the performance of
WiHlo. The experimental results show that WiHlo achieves a median local-
ization error of 0.67 m in actual indoor environment using only two receivers,
which is better than the state-of-the-art AoA based system.
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The rest of the paper is organized as follows. Section 2 gives the related work.
Section 3 describes the system design. Section 4 validates system’s performance
with the experimental evaluations. The conclusion is drawn in Sect. 5.
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Fig. 1. System architecture: WiHlo consists of four main components. Once we get
the AoA measurement on multiple receivers, we can obtain the location of the human
using the triangulation algorithm.

2 Related Work

Our work is closely related to the research of indoor localization. We will dis-
cuss the related work in following two groups: Non-WiFi-based and WiFi-based
approaches.

Non-WiFi-based indoor localization technology mainly includes Zigbee
[24,25] and Bluetooth [26,27]. Zigbee is a wireless network protocol based on
IEEE 802.15.4 for low-speed and short-distance transmission. It has the advan-
tages of low complexity, short distance, low cost and low power consumption,
etc. However, due to the characteristics of its own gateway attribute, the technol-
ogy has high latency, short distance and other congenital defects when applied
to localization work. Bluetooth localization technology (BLE) is also a research
hotspot in recent years, especially the low power consumption Bluetooth 4.0
has more advantages of energy saving, low cost, low latency, and long effective
connection distance. When the device enters the signal coverage area, the cor-
responding application will detect the received Bluetooth signal and use it to
locate or forward information. BLE is mainly subject to the limited propagation
distance, so in order to achieve a wide range of localization requirements, we
usually need to deploy a large number of anchor devices.

In order to achieve high bandwidth and high quality Wireless Local Area Net-
work (WLAN) services and make WLAN reach the performance level of Ether-
net, experts at home and abroad have been devoting themselves to the research of
new standards. The WLAN protocol 802.11n, which is officially approved by the
IEEE, is an industry-changing protocol, and its modulation method is orthog-
onal frequency division multiplexing (OFDM). In the indoor channel research,
the channel state information (CSI) of each subcarrier channel can be parsed
by this technology, which makes it possible for ordinary academic personnel to
conduct finer channel characteristics research through WLAN.
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We divide WiFi based indoor localization technologies into the pattern-based
and the model-based approaches. The pattern-based approaches work by select-
ing and learning features. Xiao et al. [20] use the frequency diversity feature of
CSI to build a fingerprint database, achieve DFL on commodity WiFi devices
by monitoring the CSI feature pattern shift. Seifeldin et al. [21] develop Nuzzer,
it builds a passive radio map in the area of interest for large-scale localiza-
tion. When faced with general perception, pattern-based approach achieves the
expected results. However, when the perception task and perception environment
are more complex, the performance of these systems declined significantly. The
model-based approach is to understand and abstract the mathematical model
between the received signal and target location. Li et al. [8] propose MaTrack, it
utilizes the CSI subcarrier phase measurements to identify the moving target’s
angle information, and with only two receivers it achieves a high accuracy. Wang
et al. [19] propose LiF'S, this system utilizes Fresnel model to improve the accu-
racy of localization in LOS scenarios. In this work, we aim to use AoA model to
achieve passive human localization. To distinguish from prior works, we focus on
better extracting the subtle human reflection signals and obtain a refined AoA
estimate.

3 System Design

3.1 System Overview

In this section, we present the detailed design of WiHlo. As shown in Fig. 1, our
system is composed of four main components, namely Phase Offset Compensa-
tion, Dynamic Path Extraction, 2D-Spatial Smoothing, and Target Reflection
Path Recognition. In following sections, we will show details of each component.

Incident Signal
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Fig. 2. A linear array with W antennas at the receiver. The incident angle of the signal
is B, antenna spacing d is half-wavelength of the signal.
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3.2 AoA Estimation Algorithm Based on 2D-SS

As shown in Fig. 2, we place W antennas with the antenna spacing of size d on
the receiver, where d is half-wavelength of the signal. Therefore, the distance
difference between the two adjacent antennas on the array is dsin(. It can be
deduced from the distance difference that the phase difference between anten-
nas with -1 antenna spacing is —27 f (W — 1) dsin 3/¢, where f is the signal
frequency and c is the speed of light. The introduced phase difference on two
adjacent antennas can be written as a function of the AoA

qpﬂ:e—]ﬁﬂfdsin(ﬁ)/c (1)

To achieve super-resolution estimation of AoA, we do not only introduce
phase differences across antennas but also introduce phase differences across
subcarriers, as described in [3]. The time differences introduce measurable phase
differences across subcarriers, for evenly-spaced subcarriers, the phase difference
introduced across two adjacent subcarriers is —2x f, 7, where f, is the adjacent
subcarrier spacing and 7 is the ToA. The introduced phase difference across
subcarriers can be written as a function of the ToA of the path:

O (1;) = e I foi (2)

where 7; is the ToA of the ith propagation path. Thus, for W antennas and K
subcarriers, we obtain a total of W x K virtual sensors. For a path with AocA 3
and ToA 7, the steering vector can be rewritten as:

V(BaT) = la 7@(T)K_17"' 7wﬁW717"' 7¢5W71@(7-)K_1:|T (3)

Assume there are L incident signals and the received signal of [th path for
the first subcarrier of first antenna is s; (t), the received signal at each sensor is
a superposition of all paths and can be expressed as:

Ut)=[un (t), un (0] =D v(B)si () +N(#) =DSt) +N () (4)
=1

where (3; represents the AoA of the /th incident signal, D is the direction matrix,
N (¢) is the noise vector. The basic idea of the MUSIC algorithm [7] is eigen-
structure analysis of an W x W correlation matrix Ry of the W CSI samples.
From (4), we represent the covariance matrix as:

Ry = E [UU"] = DE [UU"]| D" + E [NN"] = DRsD" +5°I  (5)

where Ry is the correlation matrix of the signal vector, I is an identity matrix
and o2 is the variance of noise, ()" denote conjugate operation.

By doing eigenvalue decomposition on the covariance matrix Ry, we can
get W eigenvalues. The largest L eigenvalues correspond to the L path signals
and the other W-L eigenvalues correspond to the noise. And we have a eigen-
vectors corresponding to the smallest W-L eigenvalues called noise subspace
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Ex =[€1, -+, €w_r]. Since the signal and the noise subspace are orthogonal,
so the AoA spectrum function can be expressed as:

1
P(ﬁ)MUSIC = vH (ﬂ) ENENHV (ﬁ) (6)

where v () is called the steering vector, in which sharp peaks occur at the AoAs
of the target reflective signals.

In indoor environment, there are strong direct and multipath interference
signals, and they have coherence with the human reflection signals. To eliminate
the interference of the coherent signals and tackle the limitation of insufficient
number of antennas, we conduct the 2D-SS [11,12] on Ry instead of U ().
2D-SS is a kind of spatial smoothing technology, it is an effective method to
deal with coherent or strongly coherent signals. Its basic idea is to divide the
isometric linear array into several overlapping sub-arrays, so that the rank of the
antenna array model is only related to the direction of arrival of the signal, but
not affected by signal correlation, so as to achieve the purpose of de-correlation.
We give a schematic diagram of Fig. 3 to illustrate the application of 2D-SS, the
elements in the dashed blue and red boxes construct the covariance matrices of
the first and second sub-arrays. Based on the observation that the first elements
of the covariance matrices of the first and second sub-arrays are h;; x hi;
and hjo X hj 2, we get the covariance matrices of the existing sub-arrays by
increasing the subcarrier ID and antenna index number to Po = 30 — Lgyup2 + 1,
Py =3 — Ly + 1, respectively, Lgupr = 2 and Lgupe = 15 are chosen. Then,
the number of subarrays and elements in each sub-array equals to P = P; x Py
and L = Lgyup1 X Lgyp2. Obviously, the smoothed CSI matrix could provide 32
measurement vectors using one CSI reading only, which makes it feasible to
calculate the covariance matrix.
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Fig. 3. The virtual array antenna is constructed by Two-dimensional Spatial Smooth-
ing to realize the super resolution estimation of AoA.

The covariance matrix of the CSI after the process of 2D-SS on Ry is modified

into:
P P

RszsS = ﬁ Z Z Rm,n (7)

m=1n=1
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where R, ,, is the sub-covariance matrix in Ry with respect to the nth sub-
carrier at the mth antenna. Then, we conduct the MUSIC algorithm on the
smoothed covariance matrix to obtain the direction vectors, as well as the AoA
and ToA with respect to each signal path.

3.3 Phase Offsets Compensation and Dynamic Path Signal
Extraction

To identify the signal of human reflection path and estimate corresponding AoA,
we must compensate for random phase offsets and suppress these strong signal
components. Assume the CSI samples without random phase offsets at mth
antenna are represented as:

L sin B, 4
B mom) = 32 A0 (s 2

=1

(8)

where L represents the total number of multipath, A; and 7; represent the com-
plex attenuation factor and propagation time delay of the ith path, f represents
the center frequency and Af; represents the frequency difference between jth
subcarrier and 0th subcarrier, 3, ; represents the incident angle of the ith path
at mth antenna, c is the speed of light. When phase offsets e =7¢ are introduced,
the CSI samples are represented as:

9)

H(f,7,m)=e7? (i Aiejz”(erAfj)(T”dsmfmw))
i=1
¢ =2m (k(Ap + Xs) + Aticy) +¢
where A\, and A, represent packet detection delay (PDD) and sampling frequency
offset (SFO), which are all related to the subcarrier frequency, ¢ represents
carrier frequency offset (CFO), k and At; represent the subcarrier index and
the packet interval time, respectively. ¢ is the initial phase offset between the
channels of the receiver, which can be manually corrected by a power splitter as
described in [2].
By classifying multipath signals into static group Ps and dynamic group Py,
(9) can be converted into:

. . _ior (7 251 Bm
H (f7m) = e 00 H () + 9% 3 dge 27080 (ne 50

1€ Py

(10)

In (10), f7; is the same for all measurements, so it can be merged into the
complex attenuation A;. And Af;7; (close to 0.0003125) is small enough to be
ignored. After omitting the two terms, we have:

. j —j g @sin B
H(f, T, m) = 67J¢HS (f) 4 e*j(ﬁ Z Aie g27r(AfJ-,—1+f ! )
1€ Py

(11)
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In non-cooperative radar [13], the time domain interference cancellation algo-
rithm, such as batch version of extensive cancellation algorithm (ECA-B), is used
to eliminate the direct wave and multipath interference in received signal. The
key to this kind of system is to select an independent antenna as a reference
antenna to obtain direct wave signals. In Intel 5300 Network Interface Card
(NIC) there still contains multiple antennas, and the time-variant random phase
offsets are the same across different antennas on a WiFi card [8,10]. To remove
random phase offsets, we use the method mentioned in [14,15,22] to calculate
the conjugate multiplication of CSI of one pair of antennas. Assume that the ref-
erence antenna is the nth one, we get the product of conjugate multiplication:

H.(f,7:)=H(f,7,m)* H(f ,n)

I7 dsxnﬁnl
= Hg (f,m)Hgs (f,n)+Hs (f,m Z B J27r(4fm+f )
static term l€Qq
target term
_]27T(Afj7_l+fdsxn5ml)

zEPd

target term

—J2n<Afj (i reypg 2 e i ot ) )
+ZA Ble

1€EPL,IEQy

cross term

where H (f,7,m) is the CSI of the mth antenna, H (f,7,n) is the conjugate of
CSI of the reference antenna, Py and Q4 are the sets of dynamic paths at mth
antenna and reference one, (-) denotes conjugate operation.

More interesting, we find the product (12) can be divided into three cate-
gories, named static term, target term and cross term, where the first summation
term is static term with lower frequency, which can be treated as a constant in
a short time period and can be almost filtered by a high-pass filter. The cross
term is only product of dynamic parts on two antennas, which is orders weaker
than the others, and can be omitted. The rest is the target term and residual
static term, which keep the human location information we care about. In this
work, according to a person’s normal walking speed (0.3m/s-2m/s), we use a
bandpass filter to separate out the target term and set the lower and upper cutoff
frequencies to 2 Hz and 80 Hz.

We run benchmark experiments to verify the above-mentioned method. We
choose a meeting room with a size of 9.0m x 7.7m, which is a typical indoor
multipath environment. By carefully selecting some test points, it is ensured
that the angle of direct path between transceiver is 0° and the resulting reflec-
tion path’s AoA are located near 45° and 60°. A person spins slightly at these
positions to produce reflection signals. We can clearly see in Fig.5(a) and (d),
without the direct wave suppression and de-coherence, the energy peak of the
AoA spatial spectrum will appear near around 0°, and the target reflection path’s
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AoA cannot be detected. While in Fig. 5(b) and (e), after suppressing the direct
wave, the AoA of target reflection path appears, but without de-coherence, the
spectrum is still blurred. By integrating direct wave suppression and 2D-SS, we
can accurately identify the human reflection path’s AoA, as shown in Fig. 5(c)
and (f). We also introduce Gaussian mean clustering [9] to show the results of
multiple experiments, plot in Fig. 4(a) and (b).
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Fig. 4. We perform continuous estimation of AoA and plot the clustering result.
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Fig. 5. We run benchmark experiments to verify the super-resolution AoA estima-
tion method. Experimental results show the AoA of reflection path can be accurately
captured after direct wave suppression and spatial smoothing.
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3.4 Target Reflection Path Recognition

The last reflector of the dynamic path is not always the target, we need to sep-
arate the human reflection path from all dynamic paths. The AoA of moving
human has a larger fluctuation range than other paths in a short time measure-
ment. Similar to the ideas of [3] and [23] and benefit from their inspiration, we
believe that the human reflection signal should be the shortest direct dynamic
signal with the minimum ToA measurement. Therefore, we rely on the proba-
bilistic analysis to assign a likelihood value to each dynamic path. The likelihood
value of each path is calculated by incorporating the number of peak points with
the variance of the AoA and ToA.

Iy =1/ (1 +exp (— (wkpr +wpsp, +wrsr,))) (13)

where py, g, , and ¢, are the number of peak points and the variance of the
AoA and ToA in the cluster corresponding to the kth dynamic path. wy, wg and
w, are the weights of the number of peak points and the variance of the AoA
and ToA.

3.5 Target Location Estimation

In this work, human localization is achieved by combining multiple receivers’
target AoA information. It is assumed that there are R receivers. Given the
receiver locations (z1,41), (z2,¥2), -+, (zr,yr) and the estimated AoA at each
receiver [3;%79¢ pytaraet .. gptaraet we need to identify the location p =
(2p,yp) of the target.

To minimize the deviation between actual values and the observed, we use
the least square (LS) criterion [16] and solve the optimal location by minimizing
the objective function below.

R
minimize Z l; * diz
i=1
|z — @] (14)

subject to sin (By) =

\/(9Ct - xz’)2 + (ye — yi)2

di _ 6j27rdsin(ﬁ7;tm‘96t)f/c _ ej27rdsin(['3it)f/c

where the weighting factor [; is the likelihood value of most likely candidate
for the direct human reflection path from ith dynamic path. The basic idea
of formulating this optimization problem is searching through all the possible
values of the target location and find one that gives the minimum distance from
the estimated AoA values. We refer to the method mentioned in [17] and use the
modified metric e727@sin(Bie)f/¢ instead of B, because it is tolerant to these large
errors as the value of the metric remains close even when AoA gets miscalculated
from —90° to 90°.
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4 Experimental Evaluation

In this section, we evaluate the performance of WiHlo. We first describe the
system implementation and evaluation setup. Then we present detailed exper-
imental results covering overall localization performance, AoA estimation per-
formance and discussion on several factors. Further more, we compare with a
typical AoA based system.

oogdadd

I

N

Fig. 6. Meeting room floorplan

4.1 Experimental Methodology

We use a laptop with an omnidirectional antenna to broadcast packets over the
air, and two minPCs running Ubuntu 10.04 with an Intel 5300 network interface
card (NIC) as receivers. Every receiver has three antennas, forming a uniform
linear array. We install the CSI toolkit developed by Halperin [18] on these
miniPCs to obtain CSI information for each received packet. Our experiments
are conducted in the 5 GHz frequency band with 40 MHz bandwidth, the trans-
mission rate of packets is set to 1 kHz. The processing computer is an ordinary
Dell laptop, and processes CSI data using MATLAB. We evaluate system per-
formance in a meeting room, as shown in Fig. 6. The size of the meeting room is
9.0mx 7.7m, and there are many chairs and desks which make it a rich multi-
path scenario. We let a person spin around at those predetermined points noted
as red dots in Fig. 6 and use the absolute difference between the measured value
and the real one as an indication of error evaluation.

4.2 Localization Performance and AoA Estimation Accuracy

To validate the localization performance of WiHlo, we compare it with MaTrack
[8]. Figure7(a) illustrate the cumulative distribution functions (CDFs) of the
localization errors, from the results, we can see that our system outperforms the
MaTrack system, specifically, we are able to achieve a median localization error
of 0.67m in the meeting room, while MaTrack’s localization accuracy greatly
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deviates from the real value, because in this scenario, MaTrack fails to take into
account the suppression of strong path signals, resulting in serious inaccurate
AoA estimation. Figure7(b) gives the average AoA estimation performances
of WiHlo and the MaTrack, when test in the meeting room, WiHlo achieves
a median angle error of 7.5°, such good performance benefits from our phase
offsets compensation and direct wave suppression operations.
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(a) Localization errors. (b) AoA estimation errors.

Fig. 7. We demonstrate the localization accuracy and AoA estimation error of WiHlo
and MaTrack.

4.3 Performance Analysis and Discussion

Impact of the Distance Between Transceivers. The distance between the
transmitter and receiver affect the system performance, and when the target is
in a certain position, the signal-to-noise-ratio (SNR) at a longer distance will be
lower. We choose three different distances to verify the impact of the distance
between transceivers. Specifically, as shown in Fig. 8(a), the localization error
under the transceiver distance of 6 m much larger than 4 m and 2 m. Therefore,
we need to select an appropriate transceiver distance according to the size of the
monitoring range to ensure the accuracy.

Impact of Packet Rate. In our previous experiment, the packet rate was
set at 1kHz, which put forward high requirements for our WiFi devices since
the increase in the packet rate means that the cost and power consumption of
the equipment will also increase. In order to verify the effect of different size
of packet rate to perception sensitivity, we select several groups of packet rate
from small to large to conduct experiments. Figure 8(b) shows the results: Before
reaching 500 Hz, the localization accuracy of WiHlo has been improved with the
increase of the packet rate. Continuing to improve the packet rate to 2000 Hz
has a limited effect on improving the accuracy. Therefore, in order to reduce the
requirement for equipment hardware and ensure sufficient accuracy, we can also
choose to set the packet rate to 500 Hz.
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Fig. 8. We discuss the effects of two factors on localization performance. (a) is the
impact of the distance between transceivers; (b) is the impact of packet rate.

5 Conclusion

In this work, we achieve passive localization on commodity WiFi infrastructures.
Using the phase offsets compensation and direct wave suppression methods, we
separate out the dynamic path. Combining Gaussian mean clustering and prob-
ability analysis, we get the AoA of the human reflection path. The experimental
results show that our system achieves an average median AoA estimation accu-
racy of 7.5°, and an average median localization error of 0.67m under indoor
environment, which is better than the existing system.
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