Channel State Reconstruction Using Multilevel
Discrete Wavelet Transform for Improved
Fingerprinting-Based Indoor Localization

Shih-Hau FangSenior Member, IEEEWei-Hsiang Chang, Yu TsadJlember, IEEE
Huang-Chia ShihMember, IEEE and Chiapin WangSenior Member, IEEE

Abstract—Recently, channel state information (CSI) has been are transmitted simultaneously among multiple antenna pai
adopted as an enhanced wireless channel measurement inslea The advantage of this technique is the significantly enhance
of received signal strength (RSS) for indoor WiFi positionng data throughput [21], [22]. In these systems, channel resmo

systems. However, although CSI contains richer location iior- . .
mation, a challenging problem is the severe dynamic range ah can be extracted from the receivers in the format of channel

fluctuation among the high-dimensional channels, which may State information (CSI), which reveals a set of channel
degrade accuracy and cause overfitting problems. This paper measurements depicting the amplitudes and phases of every

proposes a novel algorithm for improved fingerprinting-based  channel [23], [24]. There are various CSl-based applications
indoor localization. The proposed algorithm decomposes th recently. For examples, [25] tried to monitor breathing and

CSI sequence using the multilevel discrete wavelet transfm . . .
(MDWT) and normalizes the wavelet coefficients by employing heart rates while [26] attempted to detect fall in wireless

histogram equalization. The robust features were then exaicted Networks.Unlike RSS, which provides an aggregated value
by reconstructing CSI through the inverse MDWT of the for radio waves, CSI senses the channel responses, reportin
norma”Zc‘jﬂd lcgﬁ?ki%em%a/ﬁ gin;?ﬁggttse t?ﬁeelﬂtvsegﬁﬁv :{; amplitude and phase information of each channel for each

roposed a . : ; : :
fheppropose% algorithm o%tper?orms traditional RSS, CSI, ad anten.na pa.lr [.27]’ [28]' T.hls provides the. onor_tunlty to
two CSl-based algorithms, FIFS and MIMO. explqlt th_e rich m_formatlon in CSl to create higher-dimiems
location fingerprints.

Recently, CSl-based localization has attracted much re-
search attention [27]-[32]. Some studies based on CSI have
demonstrated an improved accuracy over RSS for indoor lo-

I. INTRODUCTION cation estimation [33]-[38]. However, a challenging pestl

Ndoor localization has gained considerable attention oviér CSl-based localization is the severe dynamic range and

the last several years because position estimation is 8ectuation among high-dimensional channels due to noise,
ten required for various applications [1]-[6]. Because WiFnultipath, and radio interference, even for stationaryi-env
networks are widespread for Internet access, WiFi indotgnments [24], [27], [28]. The studies in [34] proposed FIFS
localization has been a very active research problem [3}-[1Which leverage both the frequency and spatial diversity and
Among the variety of positioning characteristics in WiFine uses a correlation filter with the probability positioniniga
works, received signal strength (RSS) is commonly adoptéithm. That is, FIFS represents the location by aggregating
because RSS characterizes the attenuation of radio sigriag power of all channels. However, the summation over all
during propagation, and reading RSS is compatible witpwers of CSI channels does not consider the variation mithi
existing WiFi-enabled devices [14]-[16]. However, acayra channels. A similar approach, namely, MIMO, was presented
and robustness are still fundamental problems in such Wi-#i [36], [37], in which the amplitude and phase value were
RSS-based positioning systems [17]-[20]. subtracted for subsequent channels to generate the Incatio

In the 802.11a/g/n standard, WiFi networks used OFDfingerprint. Although this approach effectively extracke t
(orthogonal frequency division multiplexing) and MIMOrelatively robust fingerprints owing to the subtractiongess,
(multiple input multiple output) techniques, where data athe relative amplitude and phase may lose some location

modulated on multiple channels in different frequencies afnformation.The works in [39] attempted to detect stationary
and moving human by using a band-pass filter to catch the
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different parts. The wavelet coefficients are then norredliz solve this problem, in this study a mechanism is designed
using histogram equalization (HEQ) [45], [46]. Afterwardto extract the robust positioning feature. Fig. 1 presents
we reconstruct CSI through the equalized coefficients with flowchart of the proposed CSl-based indoor positioning
the inverse MDWT. Finally, the reconstructed features asystem. The proposed algorithm, based on MDWT, includes
adopted for fingerprinting-based positioning using a probthree steps, decomposition, normalization, and recoctibny
bilistic approach. The proposed algorithm was applied in @s described in the following sessions.

indoor Wi-Fi environment, and real CSls were measured for

performance evaluation. By using the equalized CSils, the pr N

posed algorithm can achieve robust location estimation aRd Channel State Decomposition

avoid overfitting problems. Experimental results indictizt

the proposed algorithm achieves notable improvements over

high- ~
RSS, CSI, MIMO, and FIFS in reducing the mean positioning @ coe;t%ciflftszb} @
error by 31.3%, 21.9%, 18.4%, and 20.8%, respectively.
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Fig. 1. Flowchart of proposed CSl-based indoor positiorsggtem.

A. Problem Formulation

Because CSI reports the amplitude of each channel for each
antenna pair, we assume that ther_e arejlfectmnal links Fig. 3. Typical 2-level DWMT structure.
between each transmitter and receiver pair, @hdhannels

are available fqr each link. A C(_)mp_lete measured CSI signal-l-he proposed algorithm first applies MDWT to decompose

in the MIMO wireless network is given as follows: the full CSI sequence. The measurements are represented by

1T 1) s=I[s(1),..., s(N)]" here for notation convenience, where

] ) ] o ) N = LC. On the basis of MDWT, an input CSI sequence is
To localize a user, a typical fingerprinting location algecomposed into two sub delete space spaces, the low-pass

gorithm estimates the likelihood of real-time CSI observay,q high-pass sequences, respectively, of the original. dat

tions for all candidate locations and selects the one havigge decomposition is implemented with two digital filters:

maximum likelihood as the result [47]. L&t be the entire nigh nass filter; and low-pass filterf, which are derived

set of reference locations; this CSI-fingerprinting lozation  ¢m the scaling functions and the corresponding wavelets

problem can be formulated as [44]. For example, if three-tap digital filters are consitér

the transfer functions for the low-pass and high-pass cempo

nents can be represented H$z) = hg + h1z ! + hoz 2

where A, is the probabilistic model of the-th reference and G(z) = go + g1z~ + go22~2, respectively, with the

location, which can be obtained on the basis of the trainimgrresponding filter coefficienta,, and g,,. This can be

data during the offline stage. A challenging problem in CStepresented as

based localization is the severe dynamic range and fluotuati

among high-dimensional CSI due to channel interference, sn) =S al®)hs(n)+ Y b(k)gs(n), 3)
noise, and multipath, even for stationary environments. To ) zk: (B)hs () zk: (F)gu(n)

S:[3117---a3107---75L17---75LC

r* =arg ?16&% P(s|A,), (2)



where a(k) and b(k) are the the low-pass and high-pass
components of(n), respectively [40]. Colwo) = C1(F(wp)), (6)
In the process of MDWT, a downsampling operation is
used to decimate half of the filtered results. The reconstrughereC; (F(wo)) andCy (wo) are the CDFs of the reference
tion (synthesis) process is implemented with an upsamplingd original distributions, respectively. The transfofio
operation and two different filter€; and H. Exact recovery w; = F(wj), which converts the distributiop (wo) into the
of the original data is possible if proper relationshipsdcholreference distributiorp; (w;), also converts the cumulative
among those filters [41], [42]. Figure 2 shows the classicptobability Cy (wo) into C; (wq). Hence, the transformation
implementation of decomposition and reconstruction for function F' (wg) convertingpo(wo) into p;(w;) is expressed
level MDWT, where| 2 represents the down delete spacas
sampling operation of factor 2, antl 2 represents the
upsampling operation of factor 2 [43]. wy = F (w) = C7 1 [Co (wo)] (7)
To achieve multi-level (multi-resolution) decompositjon
MDWT can be implemented with the pyramid aIgorithrrwhereCl‘1 denotes the inverse function of the CDOk (w+ ),
[44]. The decomposed coefficients at each resolution lewsdecifying the valuev; that corresponds to a certain cumu-

are calculated as follows: lative probability.
Now, assume that the derived wavelet coefficiemtforig-
for (j=1toJ) inal variables) are represented by
for (k=0to N/2/ —1)
. K-1 w={a’,a’b’ o/ b/, ... a'b'}, (8)
{a-7 (k) = Z a? 7 2k — m)hp; (4) _ _
m=0 wherea’ andb’ represent thg-th level low-pass and high-
} K-1 pass coefficients, and’ is a scalar that takes values of
b (k) = Z a? 1 (2k — m)gm;} either one or zero, indicating whether or not th¢h high-
m=0 pass coefficients are preserved. The indicatoabfis one

where j represents the current resolution levé, is the becauge the last low-pass coefficients are always preserved
number of filter tapsa? (i) is theith low-pass coefficient at according to MDWT theory. For example," = 0 means
the j-th level, b7 (i) is theith high-pass coefficient at thjeth ~ that b is a zer_o_vectorbilzo). If J=2 anda’ =0, the
level, andN is the length of the original input sequenc&  Preserved coefficients reduce {aQ.,bQ,O}. For simplifica-
Figure 3 shows a two-level MDWT implementation structurion, & reorganized vectar consisting of all coefficients is
based on the pyramid algorithm. The output coefficients §ien defined asv = [wy, ws, ..., wq]. Givenw, normalized
each resolution level are calculated by using the low-pa&@velet coefficients based on Eq. (7) are obtained using
coefficients of the previous level and are decimated by two.
The detailed designs of filters, H, G, andH can be found Wi = F (w;) = Cpf [Cw (wi)], 9)
in the literature [42], [48]-[50]. '
where C;e} is the inverse of the reference CDE,, rep-
resents the CDF of the sequenee F' is the equalized
transformation, and; is thei-th normalized coefficient. One
After decomposing CSl into multi-resolution componentgan compute&’, (w; ) with the empirical distribution function,
this study applies the HEQ technique to normalize the ddrivevhich is the number of observations less than or equal;to
wavelet coefficients (i.e., converting the coefficientiat divided by the total numbers. Finally, we may obtain the
reference). The purpose of HEQ is to provide a transfonormalized coefficients a& = {a/,b”,b’/~! ... b'}.
mation that converts the probability density function of an This study uses a typical Gaussian distribution as the
original variable into a reference probability density ¢tian  referenceC,.; for normalization. In this case, the inverse
[46], [51]. Let wy and w; be the original and referenceCDF can be expressed as
variables, respectively, with distributiops(wg) andp; (wy).

C. Wavelet Coefficient Normalization

A transformation,w; = F(wy), equalizes the probability . z—pu\1" R
distribution according to the following expression: Crer(2) = [‘I’ ( pu )] =[®(=)] (10)
OG (wy) where z is a reference Gaussian variable with meaand

p1(wi) = po (G (wy)) ; )

standard deviatiors. The variablez’ is the normalized
Gaussian variable and is an error function expressed as

8’[1}1

where G (wy) is the inverse function of (wg). The rela-
tionship between the cumulative probability density fimas o
(CDFs) associated with these probability distributions is () = L/ e/ 2q (11)
given by V21 J oo
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After obtaining the normalized multi-resolution wavelet 40 40
coefficients, we attempt to reconstruct the CSI sequence as
35
3(n) =) _ahe(n)+ ) bk)ax(n)  (12) S
. k N k - s
As with decomposition, the reconstructed MDWT coeffi- £ |
cients at each resolution level can be represented as ®llow £ 20/¢
0
[44]: 1
10 ‘ 1 10r
for(j=Jtol) —— RX Antenna A ——RX Antenna A
. 57| ——RX Antenna B ] 57| ——RX Antenna B
for (k=0to N/2/ — 1) ——RX Antenna C ——RX Antenna C
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Channel index Channel index

W2k —1)= > @ (k—m)hami1+ _ _ _
me0 (c) CsSI from the first transmifd) CSI from the second transmit

, antenna at location 2 antenna at location 2
K/2—-1
Z Bj(k — ) J2ma1; (13) IFoigétiso.nS. The measured six-link CSI signals over 100s at twdeidifit
m=0
K/2-1

~j—1 _ =35 o)\
@’ (2k) = Z_:O @ (k —m)hom+ 4(a) shows the photo of the location where the experiments
K/2-1 " were performed, while the circles in Fig. 4(b) indicate the

Z 5 (k — m)Gom: 56 training locations. One AP with two transmitted antennae
— m was deployed at the corner and the size of the test-bed was

"= 140 n?. After installing the Linux 802.11n driver, which is
Finally, after reconstructing coefficients to the first feso puilt on the Intel Wi-Fi Wireless Link 5300 MIMO radios

tion level ¢ = a°), the reconstructed CSls are adopted fqp3], [27], the gain and phase of the signal path between

positioning using a probabilistic approach follows: a single transmitreceive antenna pair is available in the
measured device. In the experiments, the laptop measured
r* =arg rglea%P(glAr) (14) cslis using three receiver antenna, and thus there were 6

_ ) links available as positioning featurek & 6). Each reported
Note that the proposed algorithm was applied for both 0Rp e state contains 30 subcarrier channel groaps=(

line measurements and offline training CSls. This procedugg). Each channel state matrix entry is a complex number

!s f_eq“"e‘?‘ for_ the consistence of likelihood computatias, only the magnitudes were used in this study. We select
indicated in Fig. 1. the biorthogonal wavelet (bior 2.2) [42], [49], [50] with a

two-layer structure .[=2) to perform MDWT.

) Figure 5(a) shows the realistic CSI measurements from

A. Experimental Setup one transmit antenna, while Fig. 5(b) shows them from

This study conducted experiments in a classroom of tla@ alternative transmit antenna. In both figures, CSls are

telecommunications building at Yuan-Ze University. Figgurmeasured over 100s at a fixed location, indicated by a blue

IIl. EXPERIMENTAL RESULTS AND ANALYSIS
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time variation of an antenna pair. Similarly, Figures 5(« Number of channels

and 5(d) show the measured CSI at a distinct location.

Figure 5 clearly reveals the changing CSI patterns measurggl 8. Impact of different coefficients of the biorthogonaavelets.

from two different locations. It indicates the possibilibf

determining the location on the basis of CSI. However,

CSlI patterns contains uncertainty, especially when drigmadf channels increases. Second, this figure indicates the ef-

variation appears in some channels, as shown in Fig. 5fbgtiveness of the CSl-based approaches, which consiglerab

(channels 2550) and Fig. 5(c) (channels-81). In this reduce the error compared with RSS as long as more than

study, we use a 2-s sliding window performing a time avera@® channels are used.

to smooth the CSI values. Figure 6 shows the spectrogranMore importantly, Fig. 7 shows that the proposed algo-

of CSls at two different locations, showing that a mechanisfthm outperforms traditional methods, reducing the mean

to compensate for the high dynamic range across the entigalization error by 31.3%, 21.9%, 18%, 18.4% and 20.8%,

channels is necessary. compared to RSSI, CSI, HEQ, MIMO, and FIFS, respec-

tively, using full channels. The best performance occurred

while using three links (1.48 m), with relative error redont

rates of 38% and 22% as compared to RSSI (2.39 m) and
Figure 7 displays the mean positioning error of six diffearedIMO (1.89 m), respectively. The results indicate that the

algorithms, including RSSI, CSI, HEQ, MIMO, FIFS, andoroposed algorithm is capable of achieving robust location

the proposed algorithm versus number of channels. Nastimation, by reconstructing the CSI sequence on the basis

that the RSSI and FIFS methods are constant because ahéhe discrete wavelet transform with histogram normalize

dimensions are fixed, and the HEQ approach indicates tbeefficients.

direct normalization of CSI. This figure first shows that the Table | reports five numerical error measures including the

mean positioning error generally decreases as the numbeerage, 50%, 67%, 90% percentile errors, and STD (standard

B. Performance Evaluation



TABLE |
PERFORMANCE COMPARISON BETWEEN DIFFERENT ALGORITHMS

H
3 links (90 channels) 24 |
Methods Performance || Average | 50" | 67t" | 90" | STD £ —
RSS 2.39 2.22 2.79 4.42 1.36 = 2r L e 1
CSl 2.28 2.00 3.60 5.82 2.25 % |
HEQ 2.11 2.00 3.00 5.00 2.05 219 ]
MIMO 1.89 1.41 2.36 4.99 1.86 =
FIFS 207 | 1.88 | 243 | 447 | 2.05 = ‘
Proposed algorithm 1.48 1.40 | 2.00 | 3.16 | 1.48 S 1.8 —= T 1
4 links (120 channels) S
Methods Performance || Average | 50" | 67" | 90t» | STD 217 . 1
RSS 2.39 2.22 2.79 4.42 1.36 :
CSl 1.97 1.41 2.23 5.09 2.08 1.6 i |
HEQ 1.83 141 | 2.23 | 447 | 190 Biorthé)gonal Daub;echies Syrﬁlets
MIMO 1.95 1.41 3.03 4.99 1.92
FIFS 2.07 1.88 2.43 4.47 2.05
Proposed algorithm 1.56 141 | 2.03 | 3.46 | 158 | Fig. 9. Impact of selection of different wavelets.
5 links (150 channels)
Methodsg,Performance || Average | 50t" | 67tF | 90t» | STD
RSS 239 | 222 | 279 | 442 | 1.36 S : — —
csi 198 | 141 | 223 | 500 | 2.10 4 ek R e |
HEQ 1.88 1.41 2.23 4.47 1.92 3 Ve |
MIMO 198 | 141 | 283 | 498 | 1.93 2 gty gl
FIFS 207 | 1.88 | 243 | 447 | 205 ! ERE R
Proposed algorithm 1.67 139 | 223 | 447 | 171 0 i i i ]
6 links (180 channels) ’ 0 Number 0}'0C00efficients 10 20
Methodsg,Performance || Average | 50" | 67t" | 90t» | STD
RSS 239 | 222 | 279 | 442 | 1.36 @
CSl 2.10 1.41 2.82 5.09 2.16 g
HEQ 2.00 1.41 2.95 5.09 2.02 E
MIMO 201 | 141 ] 316 | 4.99 | 1.96 5
FIFS 2.07 1.88 2.43 4.47 2.05 E
Proposed algorithm 1.64 1.23 2.16 4.47 1.70 %
="
g
= 0 20 40 60 8 100 120 140 160 180

Number of Channels

deviation) for six algorithms with four different number of
links. This table shows that, no matter how many links the ()
proposed algorithm uses, its robustness is superior toofhatrig. 10. The impact of different preserved configurationg@mormalized
other methods. This again demonstrates the effectiverfesgvavelet coefficients and (b)mean positioning errors.
the proposed mechanism.

Figure 8 shows the impact of different coefficients of
the biorthogonal wavelets on positioning errors. The tesulvavelet presents the minimum median error, whereas the
show that the errors are almost always reduced in thedgubechies and symlets wavelets exhibits the lower dynamic
wavelet-coefficient setups. In Fig. 8, bior 3.3 performs theinge. That explains why we select biorthogonal wavelets to
best using full 180 channels, whereas bior 2.2 achieves ffgonstruct CSI vectors in this studyinally, Fig. 10 shows
lowest positioning error with 90 channels. This confirmghe impact of parameters’ on coefficient normalization and
that the proposed algorithm with the biorthogonal waveletsean positioning errors. Fig. 10(a) shows the normalized
can properly reconstruct the CSI patterns, which is a robugévelet coefficients based on three parameter configusation
feature in location systems. (' =a?=0), (o' =a®=1), and @' = 1,a? = 0). Fig.

Next, Fig. 9 shows a box plot of the statistical posi10(b) shows the mean positioning over 180 channels, where
tioning errors with three different wavelets, biorthoghnathe performance of CSI is also reported as a benchmark.
Daubechies, and symlets under 10 coefficients in the pfbhe results show that the configuration'(= «? = 1)
posed positioning system. Each red line represents the raehieves the best performance. That means that the high-
dian, the blue boxes represent the 25th and 75th percentiess coefficients still contribute to the positioning syste
values, and the dashed lines represent the maximum &wen in the presence of a highly dynamic range. After
minimum values. This figure shows that the biorthogon#ie normalization, the channel variation was significantly



(m)

alleviated, making the reconstruction CSI a robust pasitig

feature. Note that the lengths of the one-level wavelet are
half of the original coefficients because the down-sampling
process is conducted in the MDWT procedure. That is, theg

g error

advantage of the other configurations is that the amountg 1.

of data transmission can be reduced. For example, for the§
configuration &' = a? = 0), only one-fourth of the coeffi-
cients are preserved to reconstruct CSI. The experimedts an
analysis reveal the effectiveness of the proposed algoriith
providing robust indoor localization.

Fig. 11 shows the impact of different layer numbers of
MDWT on positioning errors. Results show that level 2
performs the best using between 120 and full 180 channel

ning error (m)

o

0SI

while levels 4-7 provide comparable performance with level Rt

2 between 90 and 120 channels. That explains why we§
select level 2 to perform MDWT and reconstruct CSI in the =
experiments. Finally, Fig. 12 compares different paramete
normalization methods with HEQ, including two typical

0 20 40 60 80 100 120
Number of Channels

@)

140

0 20 40 60 80 100 120
Number of Channels

(b)

140 160 180

mean normalization (MN) and mean and variance normalizag. 12.  The impact of different normalization methods onvelet
tion (MVN) methods. Figures 12(a) and 12(b) show the p69eﬁ'c'e”ts under (a)(*=c’=1) and (b)*=1a’=0) parameters setups.
sitioning errors based on three normalization methods unde

2— 1— 2— 1— .
(a*=a’=1) and (=1, a'=0) parameter setups, respectivelycs| ang achieves enhanced location estimation accuracy.
These figures show that HEQ generally achieves the bgstyerimental results indicate that the proposed algorithm

performance because it normalizes higher orfjer statig’s 5cpieves notable improvements over RSSI, CSI, MIMO, and
compared to MN and MVN. The results again demonstraggrg i, reducing the mean positioning error by 31.3%,

the ability of HEQ to make the reconstructed CSI a robusy gos 18 4% and 20.8% respectively
positioning feature.
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