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Abstract. Aiming at the problem of large fluctuation and low precision of the
positioning method based on wireless fingerprint matching, we proposed an
improved weighted K nearest neighbor algorithm and compared it with the
commonly used machine learning algorithm. At the same time, we designed an
innovative fingerprint database construction method and a new matching strat-
egy. We used the particle filter algorithm to realize the fusion of the fingerprint
matching localization algorithm and the pedestrian dead reckoning (PDR) al-
gorithm, and eliminated the outliers, thus improving the positioning accuracy.
The experimental results show that the average positioning accuracy after fusion
is 0.512 m, and the positioning error within 1 m is 93.88%. It satisfies the
accuracy requirements of indoor positioning and also verifies the effectiveness
of the algorithm.
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1 Introduction

According to statistics in recent years, 80%–90% of people’s lives are in indoor
environments, including shopping malls, airports, libraries, and university campuses.
At the same time, 70% of mobile phones and 80% of cellular data are transmitted from
indoors [1–3]. These have led to a strong interest in indoor positioning based on
location-based services and location awareness. In order to make these applications
widely accepted, indoor positioning requires an accurate and reliable position esti-
mation scheme. People use the global satellite navigation system outdoors, but indoors,
GPS signals can’t get accurate positioning results due to factors such as being blocked
by buildings, which leads people to spend a lot of time and effort to get into the strange
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environment. The environment greatly reduces the efficiency and even brings about
various potential dangers in a special environment.

Due to the complexity of the indoor environment, there are multiple types of
interference that make it difficult to obtain accurate positioning results based on tra-
ditional methods of arrival time and angle of arrival. Although wireless networks are
widely found in indoor environments, the indoor environment is time-varying. Changes
in the location of the wireless signal source, the movement of the building, etc. [4–6]
will have an impact on the positioning results, and the algorithm based on fingerprint
matching can hardly be popularized and used. To solve the above problems, this paper
proposes an indoor positioning solution that uses the MEMS sensor in the smart
terminal to implement the pedestrian dead reckoning algorithm and uses map infor-
mation to constrain the calculation results to improve the positioning accuracy [7].
Pedestrian dead reckoning is an equation based on the gait characteristics of pedestrian
walking. We use inexpensive self-contained sensors to calculate the relative dis-
placement of pedestrians [8–11]. Figure 1 is the schematic diagram of the pedestrian
dead reckoning. The accelerometer’s measured values are used to detect the number of
steps, and the gyroscopes and magnetometers are used to detect the direction when
detecting. When the pedestrian walks one step, the step length and direction of travel
estimation algorithm starts to run and the step length in the step and the travel direction
are estimated. The position of the pedestrian can be updated according to Eq. 1 [12].

xiþ 1 ¼ xi þ Li � coshi
yiþ 1 ¼ yi þ Li � sinhi

�
ð1Þ

where xi is the east-west coordinate of the pedestrian in the coordinate system in step i,
and yi is the north-south coordinate of the pedestrian in the coordinate system in step i.
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Fig. 1. Schematic diagram of the PDR algorithm
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2 Improvement of Wireless Fingerprint Location Algorithm

2.1 Traditional Weighted KNN Algorithm

In the exploration and development of indoor positioning technology, wireless fin-
gerprint matching is the most widely used, most mature and easiest to promote the use
of fixed technology. At present, major shopping malls, airports, museums and other
large venues have covered wireless networks, these wireless signals can be used to
determine the location of pedestrians in the environment and achieve indoor posi-
tioning [12–14].

Fingerprint matching technology, also known as scene analysis, is a positioning
method based on matching ideas. Through the matching of scene information received
in real time in a scene and the information in the fingerprint database, the optimal
estimate is obtained. In an indoor environment, especially a large-scale building, radio
waves transmit propagation loss, reflection, refraction, diffraction, and multipath
propagation during transmission, and a part of energy is absorbed each time the
obstacle is touched. Although the indoor environment is complex, the pattern remains
basically the same, and the facilities will hardly be moved too much. Therefore, as long
as the source does not change, the characteristics of wireless signals formed at a
specific location will show a higher degree of particularity [15]. If the feature is
correlated with the coordinates of the position, the signal feature can represent the
position of the point, which is a necessary condition for the establishment of the
position fingerprinting technology.

The WLAN wireless positioning system mainly includes a networking phase, an
offline phase, and an online phase. The networking stage includes the establishment of
an indoor propagation model and the layout of the AP. The off-line phase includes
fingerprint acquisition and database preprocessing. The on-line phase includes the real-
time acquisition and preprocessing of the test point signals, and the positioning algo-
rithm matching the fingerprint database. The overall wireless fingerprint matching
block diagram shown in Fig. 2.
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Fig. 2. Schematic diagram of fingerprint matching
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Although the wireless fingerprint matching technology has been used in indoor
positioning early, but the accuracy is still far from enough, so this paper proposes an
improved weighted K-nearest neighbor algorithm for fingerprint database location, and
proposes a new fingerprint construction mode.

Wi-Fi networks exist in almost any building in real life, which allows people to
distinguish different locations based on received Wi-Fi signal strength values from
various routers. Positioning system based on location fingerprint database usually
includes two stages: offline sampling phase and online testing phase [8, 17, 18].

In the off-line sampling phase, unique features of AP hotspots are utilized. Each AP
hotspot has its own identifier BSSID, and the signal strength value rssi received at a
known location will be weaker and weaker as the distance increases. Within 10 m, we
can still obtain the signal strength value of each AP hotspot broadcast, record the signal
strength value RSSI from m different APs at the sampling point, and construct the Wi-
Fi fingerprint map radio map, n reference points. The storage structure is as follows:

ðqi; riÞ i ¼ 1; 2; . . .; n

Where qi = (xi, yi) qi is the geographic coordinate of the i position and ri ¼
ðri1; ri2; . . .; rimÞ is the signal strength value received from m APs at position i.

In the online measurement phase, the fingerprint information received is collected
and recorded at the point to be located, and the location map is calculated using the
location estimation algorithm combined with the radio map constructed in the off-line
stage as the result of Wi-Fi single-point positioning [19].

This paper uses the improved weighted KNN algorithm to solve the Wi-Fi position.
The traditional weighted KNN algorithm first computes the Euclidean distances of the
signal strength values of n reference points and positioning points, and then increments
the arrangement distance d, and takes the first k values and their coordinates to cal-
culate the coordinates of the positioning point by using Formula as follows:

(1) Find k nearest reference points in radio map
Input: ðq1; r1Þ; ðq2; r2Þ; . . .; ðqn; rnÞ of n the reference point, RSSI of the unknown

point is r.
Output: k nearest reference points.
Step: Calculate the Euclidean distance between rssi and n reference points rssi of

the unknown point by the formula, and arrange them in ascending order, returning to
the first k positions ðq1; r1Þ; ðq2; r2Þ; . . .; ðqk; rkÞ.

(2) Calculate the coordinates of the current point to be positioned
Input: The information of the nearest neighbor k reference points, including the

position coordinates and signal strength values r of each AP received at the position.
Output: The coordinates of the point to be positioned.
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Step: Use the formula to calculate the position coordinates

q ¼
Xk
j¼1

wjqjPk
l¼1 wl

ð2Þ

All weights here are non-negative

wj ¼ d�1
ðri;rÞ

d is the Euclidean distance between the signal strength values and the coordinates
of the third position.

The weighted K nearest neighbor algorithm has an adjustment parameter k, which
is used to control the calculated position coordinates. When k is equal to 1, the
algorithm is equivalent to finding a position coordinate in a list. When the value of k is
large, the calculation is performed. The position coordinates are estimated to be near
these reference points. Taking into account some of the real factors [20]:

(1) The jittered received signal strength results in a large difference in signal
strength at the same location;

(2) AP reliability problem, all APs should be available for a long time or newly
added APs will not affect the stability of the system.

(3) The user’s body is oriented, and the moisture in the human body will seriously
affect the signal strength value received by the user.

2.2 Improved Weighted K Nearest Neighbor Algorithm

The transmission of wireless signals in space will be interfered with by various factors
such as buildings, people, and electromagnetic fields. These interferences will cause
RSSI obtained by us to be inaccurate and affect the positioning results. Therefore, in
response to the various issues raised in the previous section, this paper proposes a series
of solutions. First, the maximum value, minimum value, and average value of each AP
during a period of time are collected while data is collected in an offline training stage.
Moving around within 1 square meter of the sampling point, the body is collecting
information in different directions for 30–40 s, and the data file name is set to the
position coordinates of the sampling point. In the online phase, new APs are incre-
mentally added and stored in an offline sampling format. The fingerprint information
database is updated in real time to enhance the stability of the positioning system. We
know that the most important influence on the positioning algorithm is the calculation
of weights. The traditional weighted K-nearest neighbor algorithm only uses the
Euclidean distance of the signal strength value as the weight, but due to the instability
of the signal strength value, the wrong weight distribution will result. As a result, the
positioning error increases, so in order to solve this problem.
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This paper proposes a new method to optimize the weights, to some extent solve
the error caused by the path loss, the specific implementation steps are as follows:

(1) In the off-line sampling phase, in order to solve the indistinguishable problem of
searching for the intensity values of many AP hotspots in a fixed area, We used the
maximum and minimum values of BSSID and rssi, and average sampling over a fixed
period of time. A radio map we select a number of locations within the building as a
sampling reference point, the database storage format: (BSSID rssi max rssi
min rssi mean).

(2) During the online measurement phase, after using the KNN algorithm to cal-
culate the k nearest neighbor reference points, the concept of the matching ratio is
introduced when the weights are assigned, that is, the fingerprint database and the
fingerprint of the point to be positioned are respectively determined. The matching
degree of the information is calculated by programming to calculate the matching rate
of the k position points. The program pseudo code is as follows.

Algorithm: Improved partial pseudocode 
1 for(ArrayList<Info> table:Table){ 
2     for(Data d:dtable){ 
3    for(Info i:table){ 
4   if(i.getBSSID().equals(d.getBSSID())){   
5  if(d.getLevel()<i.getHighestlevel()&&d.getLevel()>i.getLowestlevel()){ 
6     result[Table.indexOf(table)]++; 
7         } 
8       } 
9 r[Table.indexOf(table)]=((float)result[Table.indexOf(table)]/ (float)table.size())*100; 
10 } 

3 WIFI and PDR Integration Scenario

This paper introduces a particle filter algorithm to fuse the improved KNN algorithm
with the PDR algorithm. We use the fingerprint matching positioning result as the
observation value, and use the PDR algorithm to set the moving direction and the
moving step size of the particle, thereby improving the particle renewal speed and
positioning accuracy. The positioning algorithm is as follows:
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The weight center of all particles is compared with the previous estimated position.
In the weight update phase, the position of each particle is compared with that of the
previous time, and the weight of the step is too large to reset zero.
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4 Experiment and Result Analysis

The test environment size is 20 m � 82 m, as shown in Fig. 3. Four APs are deployed
in the scenario, calibrate the reference point position. The reference point spacing is
1 m. The black circle in the figure is the selected reference point. Two different paths
were selected for experimentation and 154 reference points were collected.

The position coordinates are used as file names and the contents include the
maximum, minimum, and average values of the physical address and signal strength
values. The storage format is shown in Fig. 4:

In the off-line acquisition phase, the experimenter collects the signal strength values
in four directions at each reference point. The duration is about 10 s. The collected
information is sent to the server for fingerprint library construction and distributed to
each terminal. In the online positioning stage, the user holds the smart terminal, selects
a different positioning algorithm to walk on each path, and stores the localized position
coordinates in the memory card. In order to verify the validity of the algorithm, the
experiment is repeated many times. The experimental results are shown in the Fig. 5
below.

Fig. 3. Diagram of test environment

Fig. 4. Fingerprint library storage format
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From the above Fig. 6, we can see that the traditional KNN algorithm has large
fluctuations in positioning error. The traditional WKNN algorithm assigns the weighting
error of the fingerprint information assignment of K = 3 reference points to be relatively
stable. When the signal intensity value fluctuates, the weight distribution will be inac-
curate. The positioning error is still large. The MAP and MMSE localization algorithms
based on probability statistical distribution are slightly better than the WKNN algorithm.
The improved WKNN algorithm proposed in this paper will assign better weights to
different locations, making the overall error stable, and the average error has been
improved. The results are shown in the following table. Table 1 is a comparative
analysis of five different wireless positioning methods. The comparison data in the table
are data collected after many real experiments to ensure the reliability and universality of
the data. Experiments verify the effectiveness of the algorithm.

From Table 1, we can see the significant difference in positioning accuracy between
the traditional wireless positioning algorithm and the positioning algorithm proposed in
this paper. The two deterministic positioning algorithms, KNN and WKNN, have large
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fluctuations in error and the average positioning error is 5.90 m and 2.35 m respec-
tively, positioning accuracy within 5 m respectively reached 52.9% and 90.7%. The
average positioning errors of the two probabilistic positioning algorithms MAP and
MMSE are 2.33 m and 2.19 m, respectively, and the confidence probability that the
positioning error is better than 5 m is 89.7% and 90.1%, respectively. The improved
averaged positioning error of the weighted KNN algorithm proposed in this paper is
1.66 m, and the confidence probability of 5 m is 98.7%. Compared with the previous
algorithms, the average positioning accuracy reaches the expected positioning effect.

In order to further improve the positioning accuracy and stability, this paper uses
particle filter algorithm to fuse the improved wireless fingerprint positioning results
with PDR, and establishes a stable positioning system. The experimental results are
shown in the figure below.

From Figs. 7 and 8, it can be seen that the traditional PDR positioning algorithm is
stable in the early stage of positioning and the error is small. As the cumulative error
increases, the error starts to diverge, the average error is 2.1 m, and the positioning
accuracy within the error within 1 m is 55.1%. The average position error of the
improved wireless fingerprint positioning algorithm is 1.64 m, and the positioning
accuracy of the error within 1 m is 40.82%. The average positioning error of the
particle filter fusion Wi-Fi and PDR positioning is 0.512 m, and the positioning
accuracy of the error within 1 m is 93.88%.

Table 1. Comparing the results of different location way.

Compare items KNN WKNN MAP MMSE A_WKNN

Maximum error (m) 21.11 9.15 8.71 8.90 7.55
Minimum error (m) 1.58 0.22 0.32 0.30 0.25
Average error (m) 5.90 2.35 2.33 2.19 1.66
Accuracy within 3 m 37.0% 71.6% 68.8% 69.9% 85.6%
Accuracy within 5 m 52.9% 90.7% 89.7% 90.1% 98.7%
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5 Conclusion

This paper proposes an improved weighted KNN algorithm aiming at the problems of
large fluctuation and low precision in positioning algorithm based on wireless signal
fingerprint matching. The experimental comparison is made and the positioning error is
significantly improved. Then the particle filter algorithm was introduced to achieve the
integration of wireless fingerprint positioning results with PDR, further improving the
positioning accuracy. The average positioning accuracy after fusion is 0.512 m, and the
positioning error within 1 m is 93.88%, which satisfies the accuracy requirements of
indoor positioning.
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