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A Low-Cost Outdoor Fingerprinting Localization
Scheme For Wireless Cellular Networks

Abstract: This paper considers outdoor fingerprinting localization in LTE cellular Net-
works, which can localize non-cooperative user equipment (UE) that is unwilling to pro-
vide Global Positioning System (GPS) information. We propose a low-cost fingerprinting
localization scheme that can improve the localization accuracy while reducing the com-
putational complexity. Firstly, a data filtering strategy is employed to filter the finger-
prints which are far from the target UE by using the Cell-ID, Timing Advance (TA) and
eNodeB environment information, and the distribution of TA difference is analyzed to
guide how to use TA rationally in the filtering strategy. Then, improved Weighted K
Nearest Neighbors (WKNN) are implemented on the filtered fingerprints to give the fi-
nal location prediction, and the WKNN is improved by removing the fingerprints that
are still far away from the most of the K neighbors. Experiment results show that the
performance is improved by the proposed localization scheme, and positioning errors
corresponding to Cumulative Distribution Function (CDF) equaling to 67% and 95%
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1 Introduction

enefiting from the fast growing of wireless tech-

niques, location - based services (LLBS) have made

great development in various fields, such as emer-

gency rescue, reconnaissance survey, and intelli-
gent transportation systems. Several localization approaches
have been analytically presented in literature for in-building
and outdoor environments. Global Positioning System (GPS) is
considered as one of the most well-known outdoor localization
techniques [1], since it can provide acceptable localization ac-
curacy as long as the target user equipment (UE) can receive
navigation messages from at least four visible satellites. With
the ubiquitous terrestrial wireless cellular network, LBS can al-
so be provided by several eNodeBs through Time of Arrival
(TOA), Time Difference of Arrival (TDOA) and Angle of Arriv-
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al (AOA) measurements. It appears apparently an important
way to localize non-cooperative UE which is unwilling to pro-
vide GPS information, but the network has to be equipped with
multiple antennas and additional location measurement units
(LMUs) in general.

As a cost-saving counterpart, the pioneer framework of fin-
gerprinting localization is proposed in [2], where no additional
hardware modification is needed. The process of fingerprinting
localization can be constituted by two phases, namely off-line
construction of fingerprinting database and on - line localiza-
tion. During the off-line phase, the received signal strengths
from adjacent access points are tabulated as location - related
fingerprints, and the fingerprints with the corresponding physi-
cal coordinates are stored in a database. While during the on-
line localization phase, target user reports the observed signal
strengths so that the user’ s location can be estimated by
matching in the database. As for wireless cellular networks,
UE at a specific place can receive information of multiple Ref-
erence Signal Received Powers (RSRPs) from multiple eNo-
deBs, and the tuple of these RSRP measurements is usually
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employed as the fingerprint. In literature, [3] presents a proba-
bilistic Received Signal Strength Indicator(RSSI) based finger-
printing localization system for GSM wireless cellular net-
works, which needs a large amount of fingerprinting informa-
tion to build the probabilistic model for a particular location.
In this regard, the database construction becomes laborious
and time costly, and the localization accuracy is not satisfacto-
ry since RSSI is the only information in use. For the sake of de-
creasing computational complexity as wells as increasing local-
ization accuracy, [4], [5] and [6] use the Cell-ID as an addition-
al information to form the fingerprint, and deterministic local-
ization algorithms, such as Weighted K Nearest Neighbors
(WKNN) are used, where fewer fingerprinting records are mea-
sured as compared with the probabilistic localization one. How-
ever, this kind of fingerprinting localization scheme may elimi-
nate those physically much closer fingerprints so as to induce
attenuated localization accuracy.

In this paper, we put forward a low-cost outdoor fingerprint-
ing localization scheme for the fourth generation (4G) wireless
systems, which is shown to have decreased positioning error
and computational load in contrast to the counterparts. During
the off-line phase, database construction can be simply imple-
mented through the UE measurement report (MR) that is gath-
ered at the network side. Different from the most existing works
in which fingerprints just contain RSRP, the fingerprint used
in this paper is comprised of RSRP, Cell-ID, and Timing Ad-
vance (TA).What’ s more, we also derive a theoretical analysis
to demonstrate the usage of TA. Therefore, we would like to
shed more light on the improvement during on-line localization
phase, and the localization result is shown to be better than the
related work [4] with the same dataset. The main technical con-
tributions are listed as follows:

1) A database filtering strategy is proposed to exclude the
fingerprints which are far from the target UE before matching,
where we preserve only the fingerprints which have the same
serving Cell-ID, approximate TA and approximate eNodeB en-
vironment for the target UE. Furthermore, the potential range
of TA at a particular location is theoretically analyzed to help
us construct a proper filtering threshold. In this way, the posi-
tioning error and computational load can be decreased to some
extend since during the matching process, fingerprints with
geographic positions closer to target UE have a larger probabil-
ity to participate in the computation.

2) WKNN is employed to compute the geographic position of
the target UE according to the fingerprinting database. K near-
est neighbors are selected from the database according to the
distance between target UE and their RSRP measurements.
However, due to the intrinsic intense fluctuation of RSRP mea-
surements, two adjacent fingerprints with the minimum Euclid-
ean distance do not always mean that they are close to each
other in geographic position. Therefore, we further improve the
WKNN matching algorithm by removing those anomaly finger-
prints that are still possibly far away from the others among K

neighbors.

2 Architecture of Fingerprinting Localiza-

tion

Obeying the two- phase strategy of off-line construction of
fingerprinting database and on-line localization, Fig. 1 depicts
an architecture of fingerprinting localization for 4G wireless
cellular networks. In this paper, the RSRPs and cellular net-
work information from eNodeBs received by the measured UE
are denoted as fingerprint, and every fingerprint and the corre-
sponding geographic coordinates provided by GPS (AGPS)
modules are stored in the database (Fig. 1). For clarity, the
stored samples with sufficient information about geographic co-
ordinate in the database are called reference points (RPs). In
the fingerprinting database, detailed information about a RP
can be expressed as Table 1, where %,y represent the longi-
tude and latitude of the corresponding RP respectively, and the
Cell-ID, stands for the Cell-ID of the severing eNodeB, and the
value of the TA for the severing eNodeB is m. N is the number
of total eNodeBs measured by all of the RPs in the database.
RSRP; represents the RSRP of the ith eNodeB. Note that, for
one RP, the number of detectable eNodeB is [, so for N — [ un-
reachable eNodeBs, the corresponding RSRPs will be set as a
minimum level of detectable signal strength empirically [4],
which is -140 dBm in this paper.

As shown in Table 1, almost all location-related parameters
have been considered in this paper. But unfortunately, none of

@) Location Fingerprint
eNodeB 1 Location (1) Fingerprint (1)
eNodeB 2
eNodeB 3 D g Location (i) Fingerprint (i)
Location(i)

eNodeB N analmr: (M) Fingerprint (M)
Database
off-line
Target UE D on-line

- - Localization -

eNodeB: evolved Node B

UE: user equipment

A Figure 1. An architecture of fingerprinting localization for 4G system.

VTable 1. Information of reference points

Severing TA Detectable Cell-ID,
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them has an explicit relationship with the location of target UE
in reality due to the complicated characteristics of the propaga-
tion channel. For instance, the instantaneous values of RSRP
and TA from a single eNodeB are often sensitive to the environ-
ment so that they vary distinctively even for multiple observa-
tions at the same place. It is reported in [7] that RSRP, Cell-ID
and TA information is used to classify UE, while in this paper,
we would like to further perform a new application, in which
more comprehensive information is used to calculate the geo-
graphical coordinates of UE.

3 Proposed Fingerprinting Localization

Scheme

In this section, the procedure of online fingerprinting local-
ization will be introduced. Fig. 2 illustrates the proposed
scheme, which consists of a data filtering module followed by
an improved WKNN algorithm.

3.1 A Data Filtering Strategy

As mentioned above, thousands of RPs have been stored in
the fingerprinting database according to their MRs. Given a fin-
gerprint from the target UE, it is computationally wasteful to
use WKNN to figure out the most approximate RP in the whole
dataset directly with a brute - force searching. On the other
hand, RSRP information is commonly used by WKNN during
the matching process, but in general RSRP fluctuates too
sharply to obtain expected results. In this regard, a data filter-
ing method should be introduced beforehand, and the main
purpose of data filtering is to perform the matching process in a
constrained region so as to decrease the localization error as
well as the computational load. In the sequel, additional steady
information is used to construct the constrained region, includ-
ing Cell-ID, TA and eNodeB environment.

The filtering strategy is divided into three steps. Firstly, we

Improved

WKNN

Localization
algorithm

Data filtering

Fingerprinting
database

WKNN: Weighted K Nearest Neighbors

AFigure 2. The proposed fingerprinting localization scheme.
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use Cell-ID to eliminate candidate RPs which have different
severing eNodeB as the target UE, since UEs belonging to dis-
tinctive eNodeBs are generally far from each other to a large ex-
tent. However, there is at least one specific case that the Cell-
ID based data filtering strategy is improper and should be
skipped. That is, when the target UE is at the edge of an eNo-
deB, where the knowledge can be read by RSRP no more than
a specified threshold in this paper, because the serving RSRP
is below the specified thresholds mainly due to the high propa-
gation loss caused by excessive distance between the eNodeB
and the target UE. And the thresholds is set to -110 dBm ac-
cording to [8].

Secondly, TA is employed to further filtrate improper RPs
within the candidates obtained through the first filtering step.
Due to the immunity of TA against the variation of local propa-
gation environment, we keep RPs in the candidate set which
have approximate TAs with the target UE and remove the of-
fenders according to the following rule

.UE _RP
t—— - t—-<AT|, 1)
TA TA
h iE d i—— stand f d TA of the target UE
where £= - and £ stand for measure of the targe
. . ~UE .RP. .
and certain RP respectively. And ¢ A t T4 called TA dif-

ference in this paper, which is an integer value and can be de-
signed following the analytical result of TA difference in the
next section.

The third and the last filtering steps are established based
on the fact that the target UE and its neighbor RPs should be
in similar eNodeB environment, and the similarity is reflected
both in the number of total detected eNodeBs and the number
of eNodeBs with the same Cell-IDs. In this work, the strong
correlation between the target UE and RPs in the candidate set
holds if the difference about the number of total detected eNo-
deBs is less than four, where at least three detected eNodeBs
have the same Cell-1Ds as the target UE [4]. After all, RPs vio-
lating this rule will be eliminated from the candidate set. Now
the candidate set selected by the three filtering steps is defined

as K.

To end this discussion, a numerical example is presented to
show the effectiveness of the data filtering strategy in Fig. 3.
We highlight three regions in this figure to clarify such a filter-
ing process. It is clearly that the regions become more precise
with further rigorous filtering conditions. The following match-
ing process can now be performed on the candidate set Jt,
therefore the localization error can be reduced and the number
of candidates is decreased from ten thousands to less than one

hundred for about 1 000 times.

3.2 Improved WKNN Algorithm
Conventional WKNN algorithm is widely used in fingerprint-
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A Figure 3. Filtering Results.

ing localization and has shown the superior performance due to
many advantages [9], such as being easy to understand, being
robust to noise, and high accuracy in localization. However, it
is inefficient in terms of computational complexity if one per-
forms WKNN directly on a large training dataset. Fortunately,
this disadvantage can be alleviated by the data filtering strate-
gy presented above.

Because of the drastic fluctuation of instantaneous RSRPs,
RPs which have high fingerprinting similarity with the target
UE may be far from the UE geographically. In this regard,
among K neighbors chosen by WKNN for the target UE, some
should be looked as erasable anomaly RPs to further improve
the performance of localization accuracy. In the sequel, we
present a way to remove these anomaly RPs from K neighbors
and name the modified WKNN algorithm as an improved one.

When K nearest neighbors have been selected, the improved
WKNN algorithm continues to compute the geographic dis-
tance for every pair of them. We assume that RPs which are far
away from the others are regarded as anomalous RPs, and they
should not participate in location calculation. The procedure of
the improved WKNN algorithm is summarized as follows:

1) Calculate the distance between the target UE and each fil-
trated RP in the candidate set according to the following equa-
tion

e(k)=(Y' (UE, - RP.(K)P)* k=1.23,..M, (2

where e(%) is the Euclidean distance between target UE and
the kth RP in the sense of RSRP. M is the total number of RPs
in the candidate set R, and UE, represents for the measured
RSRP of the detectable eNodeB by the target UE. [ is the num-
ber of the detected eNodeBs by the target UE.

2) Sort {e( k )} to choose K RPs as the nearest neighbors with

K lowest distances; in this paper, the value of K equals to 7.
Then we calculate the geographic distance between any two
nearest neighbors and eliminate T anomaly RPs which are far
away from the others for more than 300 m in general.

3) Compute the weight coefficients through

1/(e(k)+0.001)

k

gl/(e(ﬁ)+ 0.001)° 3)

where [ represents the kth RP of the rest K~T nearest neigh-
bors after erasing anomaly. The resulting weight coefficients
are used to proceed to calculate the geographic coordinate of
the target UE. The relationship between the target UE and the
rest K—T nearest neighbors can be formulated as

K-T
Xyp = 2 wpx;
k=1

K- >
Yue = zw;y;
h=1

where (% »¥ ) denotes the geographic coordinate of the tar-

@)

get UE, and (%; ,¥;) stands for the geographic coordinate of the
kth neighbor.

4 Analysis of TA Difference

The threshold of TA difference plays an important role on
the performance of the proposed data filtering strategy. To shed
more light on how to design this threshold, we will give an ana-
lytical result in the following.

TA can be used as an approximation for TOA [10], but TA

RP

represents the round trip time. Therefore, thE = ‘/2 equals

to the discrete value of ‘ thos = thonl, where t9% and ¢f* are the
TA of the target UE and RP respectively. Similarly, 5, and
t5, represent the TOA of the target UE and RP. Based on this
perspective, if we can infer the fluctuation range of TOA, we
can get the fluctuation range of the TA.

TA in [11] can be modeled by
tAm =ty + &, )

where 7, and t,, are the measured TA and actual value of TA
respectively, and ¢, can be seen as the mean value of 7,,. £ is
the error corrupting the true value and can be modeled as a
random variable obeying normal distribution. As for TOA, it is
reasonable to construct the observation model as

ET()A =ty t O, (6)

where ,,, and ¢, are the measured TOA and actual value of
TOA respectively and @ can also be modeled as a Gaussian
variable.

w~N(0,0%). (7
Given two independent identically distributed random vari-

ables 1,,,, and t,,,, obeying (6), we can easily get the Gaussian
distribution of the TOA difference:
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27‘041 - 27'042"'N( 0, 20'2)- (8)

In the same way, given two independent identically distributed
random variables f,,, and 7,,, TA difference shall obey the
Gaussian distribution with standard deviation & and * = 8¢~
can be gotten according to the relationship between TOA and
TA. It appears that if the standard deviation of the measured
TOA can be calculated, the distribution of TA can thus be ac-
quired. Hence in the next step, we attempt to explore an ap-
proximate solution about the standard deviation of the mea-
sured TOA.

In the multipath channel environments, TOA means the sig-
nal arrival time about first path, so the fluctuation range of the
TOA cannot be greater than 7, the delay spread of the propaga-
tion channel. In nature, the delay spread 7 can be interpreted
as the difference arriving time between the earliest multipath
component (typically the line-of-sight component) and the lat-
est multipath component. On the other hand, according to the
three-sigma rule, more than 99.73% samples lie within a band
around the mean in a normal distribution N(&.07) with a
width six standard deviations. In short, random variable distrib-
utes in range [ 4 — 30, . + 30 | with an asymptolic probability
to 1. Therefore, the relationship between 7 and the fluctuation
range of the TOA can be described as

T Z 1104 nae = Lroa_min = 00, 9)

where #,,, ... and #,,, ... mean the maximal TOA the minimum
TOA respectively. In this paper,7 can be calculated according
to [12]

T=exp(AXL+B), (10)
where A =0.038,B =2.3, and L is path loss (dBm). In this
way, we can obtain the upper bound of the standard deviation
of the measured TOA, which is 7/6, and the standard deviation

of TA difference can then be described as ¢ < V2 /3 exp( A X

L + B). Taking the upper bound as the variance, the distribu-
tion of TA difference can thus be formulated by

V2
3

Defining AT = 86 as a threshold of TA difference for data

filtering strategy, and the corresponding confidence intervals

27‘.41 - £r42~N(0’( exp(AXL+B))2). (11)

as Y, we have:

p(|in = T |< AT )= p(

e - | <86 )=

3 1 —x2
f ————exp( 5 )dx=
ey

PO | —x* | -x
J‘mFeﬂcp( 26’2 )dx - J‘ erxp( 26‘2 )dx:
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where 6 and ¥ are positive, and ¥ should be no greater than 1.
Apparently, § can be given by:

§=V2erf ' (v). (13)
In this paper, we set ¥ = 0.9, which means that 90% RPs

that are at the same location as target UE will be selected
through this TA difference threshold and that 6 = 1.65 accord-
ing to (13), thus the filtering rule can be described as

?exp(AXL+B). (14)

From (14), the path loss of the actual environment has a

|72 7 < 1.65 x

great influence on the threshold AT. To compute the path loss,
Standard Propagation Model (SPM) [13], [14] is considered in
this paper, which can be formulated by

Ly = K, + K, Xlog (d) + K, X log (h,) + K, X(Diffract ) +
Ks X log(d)xlog(h,)+ Ks X h, + K; Xf(clutter),  (15)

where K, is the constant offset related to frequency; d is the dis-
tance between the receiver and the transmitter (m); K, is the
multiplying factor for log (d); h,, is the effective height of the
transmitter antenna (m); Ky is the multiplying factor for
log (h,); K, is the multiplying factor for diffraction calcula-
tion;. Ky is the multiplying factor for log(d)*log(h,); h
the effective height of the receiver mobile antenna; K is the
multiplying factor for log (h,); f(clutter) is the average of
weighted losses due to clutter.

is

te

For users within a particular cell, the maximum pass loss of-
ten happens when they are at the cell edge. In an LTE system,
h,, is about 30 m usually, and K;, K, K4 are often set separately
with default values 5.83, —6.55, and 0. K, and K, can be zero
each as in [13] and [15]. K, and K, are adjusted in our situation
as K, =25,K, =37, Under the consumption of d=400 m for
the effective cell radius in an urban area, the maximum path
loss can eventually be calculated as 104.7 dBm according to
(15). Therefore, the resulting threshold. AT =1.65%X g =
414 ns. In LTE system, TA is practically quantized in bit peri-
od T, with T, = 520 ns. Therefore, the quantized threshold
used in this paper should be set as 1 TA. By this filtering rule
we can select most of the fingerprints who are close to the tar-
get UE, and exclude the fingerprints who are far from the UE
geographically.

5 Experimental Results

To validate the performance of the proposed fingerprinting
localization scheme, some experiments will be presented in
this section by using the experiment data collected at some dis-
tricts in Sichuan Province, China. There are 42 588 MR mes-
sages with exact geographic coordinates. 20% of them are se-
lected randomly as testing data, and 80% of them are used to
construct database. The experiments include three parts. The
first part demonstrates the contributions of filtering on localiza-
tion accuracy and computational burden. The second part com-
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pares different matching algorithms and demonstrates the supe-
riority of the improved WKNN. The third part tests the localiza-
tion scheme by doing experiments in different districts with dif-
ferent experimental data.

5.1 Effect of the Data Filtering Strategy

We examine the effect of the proposed filtering strategy on
improvement of localization accuracy by using different filter-
ing strategies in the experimental area. The experimental area
is 35 000%35 000 m?, containing 34 070 RPs and 8 518 test da-
ta (target UEs). Different filtering strategies are as follows:

1) Select all the RPs which have the same Cell-1D with the
target UE in the filtering process

2) Select all the RPs which have the same Cell-ID and simi-
lar TA with the target UE in the filtering process

3) Select all the RPs which have the same Cell-1D, similar
TA and similar eNodeB environment with the target UE in the
filtering process

4) Use the filtering strategy in [4], where TA information is
not considered.

V Table 2. Positioning error with different filtering strategies

Location error

N, 67% error/m  95% error/m  Mean error/m  Time/s
Cell-ID 52.6 170.66 58.7 562
Cell-ID+TA 46.8 146.8 52.4 401
Cell-ID+TA+eNodeB 44.4 139.2 48.7 104
Cell-ID+RSRP 50.3 169.45 57.2 204

RSRP: Reference Signal Received Power TA: Timing Advance

1 [ o
09 N
—*— Cell-ID+TA+eNodeB
0.81 Cell-ID+TA
—&— Cell-ID
0.7 - —#— Cell-ID+RSRP
0.6 -
= 05¢
a
o
0.4 -
03+
02+
0.1+
0 . . . . . . . . . |
0 20 40 60 80 100 120 140 160 180 200
Position error/m
CDF: Cumulative Distribution Function TA: Timing Advance
RSRP: Reference Signal Received Power

A Figure 4. Positioning error with different filtering strategies.

Table 2 shows the positioning errors and runtime of the dif-
ferent filtering strategies, where 67% error and 95% error
mean the positioning errors corresponding to CDF = 67% and
CDF = 95%, the mean error is the mean positioning error, and
the time is the total runtime for the 8 518 test data. Fig. 4 is
the CDF of the positioning error, where the legend Cell-1D, TA
and eNodeB represent the remaining RPs after the correspond-
ing step of data filtering. We use Cell-ID+RSRP to stand for
the filtering strategy presented in [4]. From Fig. 4 and Table 2,
it is clear that the positioning error of the proposed scheme has
been reduced obviously by adding the TA filtering criterion,
and the time spent for positioning has been reduced obviously
by adding the eNodeB environment information. By this way,
the mean positioning error declines to 50 m, and the position-
ing error corresponding to CDF = 67% and CDF = 95% are
less than 50 m and 150 m, which have achieved the localiza-
tion requirements of Federal Communication Commission
(FCC), the United States, whereby mobile operators should be
able to determine the location of a UE within 50-100 m in
67% cases and 150-300 m in 95% cases. And the filtering
strategy presented in [4] has a similar positioning errors as the
proposed one where only the first data filtering step is per-
formed.

5.2 Performance of the Improved WKNN

Here we compare different matching algorithms to examine
the performance of improved WKNN. Firstly, we compare dif-
ferent matching algorithms containing WKNN, Support Vector
Machine (SVM), and Back Propagation Neural Networks
(BPNN). The areas of experimental regions are chosen as 100X
100 m?, 400x400 m* and 1 000x1 000 m?, respectively. The lo-
calization results of different matching algorithms are shown in
Table 3, where we can see that WKNN shows superior perfor-
mance in all of the experiments. The performance of SVM and
BPNN can be acceptable when the experimental area is small,
but with the increase of the experimental area, the performance
of BPNN and SVM becomes worse than WKNN. More clearly,
the mean localization error for WKNN is 33 m, such as the ex-
perimental results with the region of 1 000x1 000 m?, but the

VTable 3. Comparison of different matching algorithms

67% error/m 95% error/m

Mean error/m

WKNN 23 43 18

100 x 100 m? SVM 23 45 19
BPNN 25 56 22

WKNN 27 79 27

400 x 400 m? SVM 29 73 27
BPNN 39 77 35

WKNN 30 100 33

1000 % 1 000 m? SVM 46 155 49
BPNN 70 191 70

BPNN: Back Propagation Neural Network
SVM: Support Vector Machine

WKNN: Weighted K Nearest Neighbors
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mean localization errors for SVM and BPNN are 49 m and 70
m respectively.

Then the contrastive experiment between WKNN and im-
proved WKNN has been operated. The area of experimental re-
gion is 35 000 X35 000 m?, containing 34 070 RPs and 8 518
test data (target UEs). Localization results of WKNN and im-
proved WKNN are showed in Table 4. Just as expected, the lo-
calization performance is improved by using improved WKNN,
especially with the CDF=95%, which testifies that the im-
proved WKNN is effective for removing the anomalous RPs
who are harmful to localization accuracy.

5.3 Application to Other Districts

In this section, we conduct experiments in different districts
to test the robustness of the proposed localization scheme. The
experimental results in Table 5 show that the positioning er-
rors corresponding to CDF = 67% are almost the same between
District A, District B, and District C, and the positioning errors
corresponding to CDF = 95% have a little difference but also
in an acceptable range, and the mean errors also keep jarless
between different districts. Generally speaking, there is no sig-
nificant difference in positioning errors between different dis-
tricts, which declares that the localization scheme proposed in
this paper is robust, and the parameter setting is reasonable.
Furthermore, the experimental results can meet the FCC re-
quirements in all of the experimental districts.

6 Conclusions

In this paper, we present an outdoor fingerprinting localiza-
tion scheme for wireless cellular networks, which is low - cost
and high - efficiency with localization accuracy meeting the
FCC requirements for the case of urban environments. In the
off-line database construction phase, we use the MRs obtained
from the network side instead of laborious war driving. In the
online localization phase, firstly, a data filtering strategy is pro-

VTable 4. Comparison between WKNN and the improved WKNN

Experimental areas Matching algorithm 67% error/m 95% error/m

WKNN 46 147
35000 %35 000 m?
Improved WKNN 44 139

WKNN: Weighted K Nearest Neighbors

VTable 5. Localization in different districts

67% error/m 95% error/m Mean error/m
District A 44 140 50
District B 44 132 48
District C 43 127 50
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posed to improve the performance of localization, which selects
the RPs that own the same Cell-ID, similar TA and eNodeB en-
vironment with the target UE, and the distribution of TA differ-
ence has been analyzed to guide how to use TA rationally in
the filtering strategy. Secondly, WKNN has been improved by
computing the geographic distance for every pair of K nearest
RPs, and the RPs who are far away from the others should not
participate in location calculation. Some experiments have
been conducted and experimental results demonstrated that
the localization scheme proposed could decrease the localiza-
tion error as well as the computational load, and the mean posi-
tioning error declines to 50 m, and positioning errors corre-
sponding to CDF= 67% and CDF = 95% are less than 50 m
and 150 m.

In the future, we will investigate how to further improve the
outdoor localization accuracy and analyze the bound of outdoor
localization accuracy for wireless cellular networks.
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