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Abstract. Because WLAN signal strength data is vulnerable to external
interference and its validity period is short-lived, it is necessary to reconstruct
radio map to improve positioning performance. We add the weight data to the
original fingerprint library, which is obtained by the reliability of information.
Using it, we can know the importance of neighborhood points selected in the
online phase and get better positioning performance. In the positioning phase,
the KD tree is added to improve the positioning efficiency of the positioning
algorithm. Finally, the positioning accuracy and efficiency can be improved.
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1 Introduction

With the development of positioning technology, people use positioning more and
more widely. At the same time, people’s demand for indoor positioning is also
increasing. At present, indoor positioning technology based on WLAN [1, 2] has made
great progress in the algorithm, but it still lacks specific management and construction
in the use of fingerprint database. The fingerprint database usually consists of receiving
signal strength information, because the fingerprint database is continuously updated.
we need to continuously update signal strength information from access point (AP).
These information is the uneven distribution and different quality, therefore, it is
necessary to reconstruct the fingerprint database in order to reduce the uneven distri-
bution and the poor positioning effect caused by the poor reliability information.

At the present stage, the research on the reconfiguration of Radio map is mainly
aimed at improving the positioning effect and positioning efficiency of the original
positioning system [3–5], several reconstruction algorithms will be introduced below.
Bong [6] proposed a method to optimize the received signal strength (RSS), through
smoothing the RSS processing radio map. This method can retain the positioning
accuracy, simplify radio map and improve the efficiency of online positioning. Li [7]
Put forward a set of good radio map reconstruction model. Removing abnormal data,
dividing the region of radio map, selecting AP [8, 9] and reducing the dimension of AP
in the region, using the weighted K nearest neighbor (KNN) algorithm [10] to position,
positioning time, the capacity of the database are reduced when the positioning
accuracy is guaranteed.
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Although the current reconstruction algorithm can make the original radio map get
a good improvement in localization accuracy and computation time, but we can not
guarantee the stability of the fingerprint database. When continuous abnormal signal is
received over a period of time, that affects the accuracy of the positioning system, it is
difficult to solve this problem easily by eliminating abnormal data. To solve this
problem, a weight database is constructed, which is based on RSS similarity and AP
and provide a positioning reference weight for the data in different time periods to
assist on-line positioning and to improve the stability of radio map. In order to ensure
the efficiency of database location, KD tree [11] is constructed based on RSS data and
weight data. The following is the overall structure of this paper. In Sect. 2, we will
introduce the overall model architecture of the indoor positioning system, and give the
positioning algorithm and the specific function of the reconfiguration technology
applied in the indoor positioning system and the composition of the reconstruction
algorithm proposed in this paper. In Sect. 3, we will give the concrete algorithm of the
reconstruction technology, including the establishment of the weight database and the
construction of KD tree. In Sect. 4, we will implement the reconstruction technology,
and compare it with the performance of the previous reconstruction technology.
Finally, conclusion will be drawn.

2 Indoor Positioning System Model

Positioning based fingerprint positioning system can be divided into two phases, as
shown in Fig. 1, including the offline phase and the online phase [12]. The offline phase
mainly completes the establishment of radio map, and the online phase mainly com-
pletes the application of radio map to realize the matching and positioning.

Fig. 1. Positioning system based on position fingerprint

318 L. Ma et al.



In the offline phase, the wireless base station receives a signal from a WLAN client,
and the system will establish the mapping relationship between the received signal
strength of all AP in the target area and the actual physical location, and we use the
mapping to construct radio map. It is assumed that there are M access points and
location information for N reference points in the positioning environment. The radio
map format is constructed as follows

RadioMap ¼ L S½ � ð1Þ

where L 2 R2�N is the position information and contains the reference point position
coordinate, and S 2 RM�N is the received signal strength information and contains the
received signal strength of N dimension. The initial radio map is of great computational
complexity and poor positioning accuracy, so it is necessary to optimize the initial
Radio [13] to improve the positioning efficiency of radio map. These optimization
algorithms can be classified as part of the reconstruction technology, including the
noise reduction, smoothing and clustering algorithms for the fingerprint library [14].
The reconstruction technology proposed in this paper is applied to the offline phase,
and the reliability analysis of RSS data is carried out during the off-line updating phase,
and the weighted matrix and KD tree are constructed.

In the online phase, the positioning [15] is implemented on the basis of optimized
radio map. The received data is used to position mainly by using nearest neighbor
method, maximum likelihood probability method, kernel function method, neural
network method and support vector regression method. In the reconstruction algorithm
proposed in this paper, the weight database is involved in the assisted positioning, and
the weighted KNN algorithm is used. Compared to the traditional KNN algorithm,
weighted KNN increases the sample weight allocation step, but this phase takes little
time comparing with the classification decision phase. The weighted KNN algorithm is
applied to this subject. The redistribution of weights is realized on the objective con-
ditions in the actual environmental factors. The reconfiguration technique proposed in
this paper is based on the weight database, and the weights in the database are applied
to the weighted KNN algorithm to assist the on-line positioning. Formula is as follows

Dk ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xm

i¼1

bi � ðRSSu;i � RSSk;iÞ2
s

ð2Þ

xu; yuð Þ¼
Xn

k¼1

ck �
1
Da

k
� xk; ykð Þ ð3Þ

where the RSS is the information in the RSS database, the b and c are the weights in the
weight database, and D is the distance between the reference points and the positioned
points.
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3 Reconstruction Technology

As mentioned above, in the online phase, the localization algorithm needs to create a
weight database to assist the positioning. The reconstruction algorithm proposed in this
paper consists of two parts, obtaining weights based on RSS and AP, and constructing
KD tree. Through the above several algorithms, the original radio map is reconstructed,
and the weight matrix and the KD tree are obtained. Finally, the reconstructed fin-
gerprint database is combined with the weight matrix and the KD tree to Position
online.

3.1 Weight Based on RSS

The weighting algorithm based on RSS uses the Truth Finder algorithm for reference,
and obtains the reliability by comparing the similarity between RSS. Because of dif-
ferent mobile devices in different time periods, the reliability of accepting RSSs for
each period of time is different, therefore the accuracy of the data in different time
periods needs to be calculated, which can be calculated from the arithmetic mean of the
probability that the data is true

aw ¼ 1
m

Xm

k¼1

pðe� dÞ w 2 W ð4Þ

where m is the number of RSS messages obtained for each period, and the error is
within the acceptable range, and d is an acceptable error.

Obtained by the Bayesian formula

pðxÞ /
Y

w2W

aw
1� aw

ð5Þ

Where w is a period of time, W is all time periods. Let

cðxÞ ¼ ln
Y

w2W

aw
1� aw

¼
X

w2W
ln

aw
1� aw

ð6Þ

q ¼ ln
a

1� a
ð7Þ

Based on (6) and (7), we can have:

cðxÞ ¼
X

w2W
qw ð8Þ
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The normalized probability distribution is obtained, which is added to the weight
matrix as a weight c.

pðX¼xÞ ¼ cðxÞP
cðyÞ ð9Þ

where cðxÞ can be corrected by the similarity between RSSs, the correction process is
as follows.

Signal similarity is

rðx; x0Þ ¼ xx0

xj j x0j j ð10Þ

The corrected credibility is

c0ðxÞ ¼ cðxÞþ
X

eðxÞ¼eðx0Þ
rðx; x0Þ�qð Þcðx0Þ ð11Þ

where q is the similarity parameter, and by adjusting the parameter, we can get the
effective weight. This parameter is selected according to the positioning environment.
Eventually, the weight c can be obtained from the posterior probability.

3.2 Weight Based on AP

Taking account of the positioning environment, the performance of each AP is dif-
ferent. In the positioning process, the poor performance of the AP will often cause the
positioning accuracy decreased. So each AP needs a weight to express its performance
is good or bad in a particular environment, and we use AP selection algorithm to
determine the weight.

In the AP selection algorithm, the simplest algorithm is to keep all APs as samples,
but this does not play a role in improving the system. The MaxMean algorithm was
proposed by Youssef. We need to average the RSS values of the signals received by all
APs, and then select several APs with large RSS meanings as optional access points for
that location and provide weight to these APs.

Another AP selection algorithm is the InfoGain algorithm, which is based on the
gain of information entropy, which is presented by Chen of Hong Kong University of
Science and Technology. Firstly, the stochastic entropy of radio map is calculated, and
then the conditional entropy of different APs is calculated. The AP is sorted by cal-
culating the difference between stochastic entropy and conditional entropy. The AP
with high information entropy gain is used to construct the fingerprint library.

IGðAPiÞ ¼ HðGÞ � HðGjAPjÞ ð12Þ
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among them:

HðGÞ¼ �
Xni

g¼1
pðGgÞ log2 pðGgÞ ð13Þ

HðGjAPjÞ ¼ �
X

v

Xni

g¼1
pðGg;APj ¼ vÞ log2 pðGgjAPj ¼ vÞ ð14Þ

where H(G) is the gain of the information entropy of the AP, IG(APi) is the information
entropy when there is no AP information, p(G) is the information entropy for the AP
information, and p(G) is the probability of judging the various positions. The weight is
obtained from the gain of the information entropy.

There is also a method based on the stability of the AP, firstly we use the RSS
variance information to determine an amount that represents the AP stability. At the
same time, considering the relationship between the intensity of the signal and the
frequency of the occurrence of the signal, the energy information of the signal is
reflected by a frequency. Combine two aspects to obtain the value of the AP stability as
a weight. The formula is as follows

StaðAPiÞ ¼ 1

1
N

PN

j¼1
ðRSSj � RSSÞ2

� Ni

Sumn
k¼1ðNkÞ ð15Þ

where Ni is the frequency at which each AP appears.
Using the above algorithms, we can get the weight of each AP in the region, which

is the weight b mentioned above.
The weighted KNN algorithm described above requires the traversal of the entire

database when we need to obtain the nearest neighbor reference point, so it takes a lot
of time in the online positioning phase. The weighted KNN algorithm is combined with
the KD tree and has a very high efficiency. By creating the KD tree, it can save the time
of calculation.

KD tree is a high-dimensional index tree data structure, commonly used in large-
scale high-dimensional data space for the nearest neighbor search and approximate
nearest neighbor search, such as high-dimensional image feature vector for K proximity
searching and matching in image retrieval and recognition. When a K-nearest neighbor
of a reference point is required, it is only necessary to trace along the branches of the
KD tree to find the nearest few data.

KD tree construction algorithm: select the dimension with the largest variance in
the k-dimensional data set, and then select the median m in this dimension as pivot to
divide the data into two sub-sets, while creating a tree node for storage. This step is
repeated until all sub-sets can not be divided. If a subset can no longer be divided, the
data in the sub-set is saved to the leaf node.
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4 Implementation and Performance Analysis

4.1 Experiment Environment

The experimental environment is located at 12th floor, 2A Building, Science and
Technology Park, Harbin Institute of Technology. The height of this floor is 3 m, the
area is 66.43 � 24.9 m2, with 19 laboratories and a conference room and a table tennis
room. The experimental facilities were spread across the 12th floor laboratory and were
fixed at a height of 2 m. The device supports IEEE 802.11 g standard, and its trans-
mission rate is 54 Mbps. The receiver is 1.2 m from the ground.

In order to test the universality of the reconstructed model, we select the 12th floor
corridor as the experimental area, so that we can get more signals from the AP in the
experiment, and the AP selection algorithm can be effectively tested. 27 APs evenly
distribute in the laboratories, as shown in Fig. 2, to ensure that any location in the 12
layer can have more AP. Use a laptop computer as a data collector to collect fingerprint
library data and test data.

In the laboratory corridor, the yellow area in the figure, evenly select the reference
point within every 0.5 m, and select 823 reference points and rely on these reference
points to build radio map. Firstly collect 420 data at each sampling point, and then
remove the 20 data in the first and tail, and finally use the remaining 400 data to build
the initial radio map to ensure that the initial radio map has a better positioning effect.

In addition to building a radio map, we also need to get the test data used in the
online positioning phase. We collect the data in a random location, collected in five
time periods. We collect data in five time periods, because the need for different time
periods to grant different weights to the original fingerprint library and updating
operation in the establishment of the RSS weight. Assume that the test data selected in
the five time periods are not relevant and are randomly distributed in the positioning
area. We need to collect 200 times to get the final test data in each time period, and
collect data in a random location.

Fig. 2. Experiment environment
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4.2 Performance Analysis

Based on different test data for several experiments, Fig. 3 is the cumulative error
probability obtained three reconstruction algorithms. The reconstruction algorithm
based on AP selection is the reconstruction algorithm mentioned above. Using the
noise reduction algorithm and AP selection algorithm to optimize the original radio
map, we can see that it can improve the positioning accuracy after removing the
abnormal information and the selection of feasible AP, cumulative probability within
2 m increased by 8%. The reconstruction algorithm based on weight matrix proposed
in this paper can more effectively distinguish the data confidence in each time. Com-
pared with the noise reduction algorithm, the positioning accuracy is improved, and the
cumulative probability of positioning within two meters is increased by 3%.

Next, for different noise powers, the performance of the reconstructed technique is
compared. When the power spectral density is gradually increased and the system
parameters are kept as the optimal parameters, the experimental comparison is carried
out. Figure 4 shows the cumulative error probability of the positioning error in the
environment where the noise power spectral density is increased by 3, 4 and 10. It can
be seen from the trend of curve with the noise enhancement, the maximum positioning
error is increasing. In the low-noise environment, the maximum positioning error of the
reconstruction algorithm based on weight matrix is better than that of AP-based

Fig. 3. Different reconstruction algorithm

(a) Increase 3db (b) Increase 5db (c) Increase 10db

Fig. 4. Different noise environments
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reconstruction algorithm, and the positioning error is reduced by 3.5 m. It can be seen
that the reconstruction algorithm based on AP can not guarantee the lower positioning
error and can not meet the requirement of location, when the noise power spectral
density is increased by 10. However, the reconstruction algorithm based on weight
matrix has better positioning effect.

The positioning efficiency of the two reconstruction algorithms is compared below.
Table 1 is the comparison of the positioning usage time under different fingerprint
libraries. The first reconstruction scheme uses zoning to position, using multi-step
positioning, which can effectively improve the positioning efficiency. The second
location is the KD tree proposed in this paper. As can be seen from the experimental
results, the use of KD tree can save a lot of time in the positioning phase, and with the
increasing number of fingerprint libraries, the time saved is also rising compared to the
former reconstruction algorithm.

5 Conclusion

In this paper, a new method is proposed to solve the problem that the stability of the
positioning system is degraded by the long time abnormality signal of radio map. The
original fingerprint library is reconstructed by constructing the weight matrix and KD
tree of radio map. And we compare the performance of the reconstruction algorithm in
the laboratory environment. The accumulated positioning error within two meters is
increased by 11% and increased by 3% to comparing the reconstruction algorithms
based on AP selection. The algorithm presented in this paper uses the weight matrix
provided by RSS reliability analysis to assist in positioning, and the performance of
resisting noise has been improved. In view of the positioning efficiency, the proposed
positioning algorithm combined with the KD tree simplifies the complexity of the
nearest neighbor search algorithm. It can be seen from the experimental results that the
positioning time is shortened.

Acknowledgment. This paper is supported by National Natural Science Foundation of China
(61571162), Ministry of Education - China Mobile Research Foundation (MCM20170106) and
Heilongjiang Province Natural Science Foundation (F2016019).

Table 1. KD tree experiment

Fingerprint library size (number of RSS) 1000 2000 5000 10000 20000

Using zoning (s) 0.472 0.939 6.976 14.558 30.320
Using the KD tree (s) 0.145 0.208 0.283 0.510 1.068
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