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Abstract: In the context of the rapid development of the Internet and the Internet of Things technology,
services based on location information have received more and more attention, and people gradually
have higher expectations for the quality and experience of positioning services. At present, outdoor
positioning technology is becoming mature, but different from empty outdoor areas, there is a
highly complex indoor environment with many interference factors, so it is difficult to receive
effective satellite signals. To realize the smooth transition of whole-field positioning, it is necessary to
study an economical and efficient indoor positioning technology. The existing indoor positioning
technologies have some problems, so this paper comprehensively uses the resource-rich Wi-Fi signal,
Frequency Modulation (FM) signal and Digital Terrestrial Multimedia Broadcast (DTMB) signal as
the positioning data sources, and proposes a fingerprint fusion positioning method based on the
wireless signal distribution characteristic. Experiments show that the proposed method improves
localization accuracy by 30% compared to localization with Wi-Fi alone.

Keywords: indoor positioning; fusion positioning technology; fingerprint positioning; received
signal strength indication; signal distribution characteristic

1. Introduction

Modern social services show a trend of diversification and high quality, among which
location services have become indispensable parts of many industrial fields [1]. To further
adapt to the application needs of daily life and special scenarios, it is necessary to obtain
more accurate location information. According to statistics, people living in indoor areas in
daily life account for more than 70% of the total [2]. However, the signal of indoor satellites
is weak [3], and there are a large number of signal interference factors, so more accurate
and efficient indoor positioning technology has become a research hotspot in recent years.

The fingerprint fusion positioning system based on the wireless signal distribution
characteristic is divided into three important links. Firstly, to improve the accuracy of the
Bayesian positioning algorithm, it is necessary to calculate the distribution characteristic of
different signals, obtain indexes according to regional information and time information,
access the designated fingerprint library, realize the multi-level fingerprint structure, and
use multi-source data for the final localization according to the relationship between
different positioning results.

According to the differences in positioning principles, positioning methods can be
divided into track calculation, triangulation, multilateral positioning, proximity detection,
fingerprint positioning, etc. Using the wireless signal for indoor positioning will inevitably
face the signal transmission problem under non-visual distance conditions, as there are
obstacles between the signal transmitter and the signal receiving end which affect the
wireless signal and cause reflection, refraction, diffraction, scattering, and other phenomena,
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resulting in multipath interference [4]. Therefore, for the indoor conditions of a complex
environment, fingerprint positioning technology is mostly adopted.

With the deepening of research, the accuracy and stability of positioning with a single
data source have difficult meeting the higher requirements, and a more effective method is
to integrate [5] with multiple positioning technologies. Fusion location technology usually
needs to consider three aspects, including data source, positioning algorithm, and fusion
weight. Data source refers to the signal data source used to provide information characteris-
tic, which needs to determine the selection of data sources; positioning algorithm, including
data characteristic matching algorithm and information decision fusion algorithm, is the
core content of the whole fusion positioning system; fusion weight is the fusion mode of the
positioning system, repeatedly debugging the system parameters to achieve the optimal po-
sitioning result. In recent years, many scholars have been engaged in the research of indoor
fusion positioning. The literature [6] proposes a hybrid positioning technology based on
the combination of radio waves and geomagnetic fingerprint technology, which can realize
the real-time monitoring and tracking of the location information of medical staff in the
hospital by installing a series of magnetic field sensors inside the hospital [6]. The geomag-
netic induction technology may be disturbed in specific environments, thus affecting the
accuracy of positioning. In addition, the technique may also be influenced by interference
factors such as metal objects. The literature [7] presents a technique that combines OFDM
(orthogonal frequency division multiplexing) and particle filtering techniques for indoor
positioning [7]. Although it has certain advantages and application prospects, there are
also some shortcomings. For example, because the algorithm relies on the user’s voice data
to obtain location information, it may be affected by environmental noise, signal occlusion,
and other factors in practical application, resulting in insufficient positioning accuracy.
The paper [5] proposes an indoor localization method based on WiFi (wireless LAN) and
PDR (pulse differential localization) technology, which uses the propagation characteristics
of WiFi signal and the accuracy of PDR technology [8]. Although this method improves
the accuracy and reliability of positioning, there are still problems concerning limited
signal penetration ability. For example, the signal in this method will weaken after passing
through obstacles (such as walls, furniture, etc.), which affects the accuracy of positioning.
Therefore, the method may be applicable to open spaces and has limited effect for confined
spaces or complex environments. There are many problems in indoor fusion localization
technology. On the basis of improving the above problems [5], this paper proposes a
fingerprint fusion localization method based on wireless signal distribution characteristics,
which assigns different distribution models for different signals to improve the accuracy of
the Bayesian positioning algorithm, introduces a multi-level fingerprint structure to index
the index, and adjusts the fusion weight to optimize the system positioning performance.

2. Materials and Methods

Research manuscripts reporting large datasets that are deposited in a publicly available
database should specify where the data have been deposited and provide the relevant
accession numbers. If the accession numbers have not yet been obtained at the time
of submission, please state that they will be provided during review. They must be
provided prior to publication. The fingerprint fusion positioning system based on the
wireless signal distribution characteristic was divided into three important links. Firstly,
to improve the accuracy of the Bayesian positioning algorithm, it is necessary to calculate
the distribution characteristic of different signals, obtain indexes according to regional
information and time information, access the designated fingerprint library, realize the
multi-level fingerprint structure, and use multi-source data for the final localization [9]
according to the relationship between different positioning results.

2.1. Distribution Properties of the Signal

The Bayesian positioning algorithm based on the signal distribution characteristic
needs to collect the received signal data of each reference point successively and establish a
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fingerprint library before positioning. During the online positioning, the probability of the
target being located at each reference point was calculated according to the signal received
in real-time, based on which the estimated coordinate [10] of the target position is obtained.
When establishing the fingerprint model and calculating the probability, it is necessary
to use the signal distribution model. The traditional Bayesian algorithm usually uses the
Gaussian distribution model for calculation, but there are many possibilities for the actual
distribution of the signals. If the distribution model is not selected properly, the positioning
effect will also be seriously affected.

In this paper, a large number of statistics were made on the RSSI of Wi-Fi, FM, and
DTMB signals, respectively. To reduce the influence of different factors on the statistical
results, the receiving position and signal characteristic were fixed during the observation
process, respectively. Here, the signal characteristic refers to different AP or signal frequen-
cies. According to the observations, the three signal distribution models mentioned above
are final.

Figure 1 shows the partial statistical results of the Wi-Fi signal.
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Figure 1. The RSSI statistical histogram of the Wi-Fi signal.

As shown in Figure 1, the distribution of the Wi-Fi signal is difficult to describe [11]
with known distribution models, so the polynomial model was chosen to fit the discrete
Wi-Fi data. The assumed polynomial model is shown in Equation (1).

f (x) = a0 + a1x + · · ·+ anxn (1)

The parameters a0, a1, . . . , an can be solved according to the least squares method.
In the offline stage, these parameters are stored in the position fingerprint library as
the distribution characteristic of the model. When positioning, the probability values
corresponding to different reference points can be calculated by substituting the online
data into the polynomial model.

Figure 2 shows the partial statistical results of the FM signal.
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As shown in Figure 2, the distribution of FM signals can be described by a multimodal
Gaussian distribution model. The multimodal Gaussian curve can be regarded as the
superposition of multiple unimodal Gaussian curves. Taking the bimodal Gaussian model
as an example, its probability density function is shown in Equation (2).

p
(
sj
∣∣li) = a1 · exp

(
−
( sj − b1

c1

)2
)
+ a2 · exp

(
−
( sj − b2

c2

)2
)

(2)

a, b, c in the above equation are the parameters of the model. With the increase of
peaks, the number of parameters will also increase, and these parameters need to be stored
in the database as the position fingerprint information features of the multi-peak Gaussian
distribution model. Therefore, in order to avoid wasting too much storage space, the peak
number of the model should not be set too high, under the condition that it can meet
the positioning requirements. When fitting the data using the m-peak Gaussian model,
according to the actual distribution, any data not above the m-peak can be fitted, so the
unimodal distribution can be regarded as a special case of the multimodal distribution.

It is worth mentioning that the distribution of FM signals is different in different
periods, as shown in Figure 3. However, after three consecutive days of testing, the FM
signal in the same period found that, although the distribution model parameters of the
signal were not the same, the overall distribution state of the signal did not produce large
differences and there was almost no change in the number of peaks, as shown in Figure 4.
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As shown in Figure 5, the “trailing” phenomenon of the signal statistics was found
repeatedly while observing the received DTMB signal, and this data distribution state
is closer to the Rayleigh distribution relative to the Gaussian distribution. The Rayleigh
distribution is a distribution model [12] used to describe the time-varying characteristic
of independent multipath components or flat fading signal receiving envelopes, and its
probability density function is shown in Equation (3).

p(x) =
x
θ2 e−

x2

2θ2 , x ≥ 0 (3)

The parameters of the Rayleigh distribution model are in this formula, which is the
feature information that needs to be stored in the location fingerprint database. The data x
require a positive value, but the received signal RSSI unit is dBm, and the value is generally
less than zero. Therefore, the processing of the data is needed before fitting the distribution
model, adding a bias parameter, b, to convert Equation (3) into the form of Equation (4).

p(x) =
x− b

θ2 e−
(x−b)2

2θ2 , x ≥ b (4)

In contrast to the FM signals, the DTMB signal did not clearly show the time-related
differences in the signal distribution, so the segmentation of the fingerprint libraries in
different periods was not considered in the process of using the DTMB localization.

2.2. Multistage Fingerprint Structure

This paper adopts a multi-level structure of the location fingerprint database when
online positioning by establishing the index to access a part of the fingerprint data. This
achieves the purpose of saving computing resources. First, the fingerprint data in different
periods are marked for the signal with distribution time degeneration, and the time index
was obtained directly according to the time information when positioning.

In addition, when the overall positioning area covers a large physical space, each
fingerprint matching requires comparing the fingerprint data of the entire positioning
space [13], which wastes a great deal of resources. Therefore, before positioning, a pre-
trained classifier was used to initially screen out the region where the target is located,
obtain a region index, and search the target fingerprint set jointly with the temporal index,
thus reducing the matching time of fingerprint localization. The multi-level fingerprint
localization process is shown in Figure 6.

When obtaining a region index, you do not have to determine the exact location of the
target, just get the approximate range of location. In this paper, Support Vector Machine
(SVM) was used to conduct region classification. Combined with map information, the
positioning space was divided into one region corresponding to a label. In the offline stage,
the RSSI of wireless signal is the input to train the region classifier.
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2.3. Multi-Source Data Self-Decision Fusion Localization Algorithm

After obtaining the specified subset of fingerprint data, the final positioning process
was entered. First, the main positioning source and the auxiliary positioning source are
selected. In this paper, Wi-Fi is used as the main source, and FM and DTMB are used
together as the auxiliary source to avoid the overcompensation phenomenon caused by
using a single auxiliary source.

In the positioning phase, a primary positioning result was obtained through the main
positioning source, and the auxiliary positioning source is also used for positioning. In
order to initially reduce the influence of signal fluctuations on positioning accuracy, it
is necessary to use auxiliary positioning sources to calculate n positioning results in a
short time. Since each collection and positioning of information takes a certain amount
of time, the value of n should not be too large. After n results were obtained from the
auxiliary location source, the sum of the distance from the remaining location results di
was calculated for each auxiliary location result coordinate, as shown in Equation (5).

di =
n

∑
j=1,i 6=j

√(
xi − xj

)2
+
(
yi − yj

)2 (5)

After calculating the corresponding distance of each positioning result, the distance
and result were sorted from small to large. The smaller the sum of the distances, the higher
the reliability of the positioning result, while positioning results with larger distance sums
are considered invalid positioning results. Set a parameter k, extract the first k positioning
results from the above ranking results, put them into the positioning result set of the
signal source, and give the corresponding weights according to the corresponding distance
and size of the different positioning results [14]. The calculation method is as shown in
Equation (6).

wi =

1
di

n
∑

j=1

1
dj

(6)

The auxiliary source weighted positioning coordinates shown in Equation (7) were
then obtained.

lw =
k

∑
i=1

wi(xi, yi) (7)

After entering the reliability of the auxiliary source determination stage, assuming that
the weighted localization results obtained from the auxiliary data source a and the auxiliary
data source b are law and lbw, respectively, the distance between the weighted localization
results and the primary localization results is dam and dbm, respectively, artificially set a
threshold δ, and discuss the relationship between the distance and threshold to make
different decisions. The following introduces four possible situations. (1) Neither dam nor
dbm exceeded the threshold value. In this case, the positioning results of the auxiliary source
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a and the auxiliary source b are both close to the main positioning result. At this time, it can
be considered that the auxiliary sources a and b can compensate for the main positioning
source and jointly decide on the final positioning result. (2) One out of dam and dbm does
not exceed the threshold value δ, and the other is higher than the threshold value δ. At
this time, the situation shows that only one of the two auxiliary sources are close to the
main positioning result. Assuming that the auxiliary data source a is close, the positioning
result of the data source b is considered invalid. Therefore, in order to make the result
decision, only the main positioning source and the auxiliary positioning source a need to
be considered. (3) dam and dbm are higher than δ, but dab does not exceed the threshold δ′.
The localization results of the auxiliary sources deviate from the main localization results,
but the localization results of the auxiliary sources are similar. It can be considered that the
result of the main localization source has a large error and the reliability of the auxiliary
source is high. The two auxiliary sources participate in the decision of the final fusion
localization. (4) dam and dbm are higher than δ, and dab is also above the threshold δ′. Due to
the large differences in the positioning results of different auxiliary sources, it is difficult
to ensure the reliability of the auxiliary data source. At this time, only the positioning
coordinates of the main positioning source were selected as the global positioning result.

In conclusion, before the weighted fusion of multiple localization results, the fusion
weights can be automatically adjusted according to the distance relationship between
the localization results of different signal sources. Multi-source data self-decision fusion
positioning algorithm expression are shown in Equation (8).

l̂ =


lm· 1

ka+kb+1 + la· ka
ka+kb+1 + lb· kb

ka+kb+1 case 1

lm· 1
ka(b)+1 + la(b)·

ka(b)
ka(b)+1 case 2

λm·lm + λa·la + λb·lb
lm

case 3
case 4

(8)

3. Results

The positioning space selected in this paper is the laboratory place for daily learning.
It includes three laboratory rooms and a corridor, with a total area of 7× 24 = 168 m2. There
were 107 reference points in the whole positioning space, the distance between adjacent
reference points in each separate area was 1 m, and there were 183 test points. The relative
positional relationship of the localization space to the test point of the reference point is
shown in Figure 7.
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Although the selection of the above positioning space is limited to the laboratory and
corridors, the experimental environment selected in this experiment is diverse. Among the
three laboratories selected above, there are two laboratories with complex environment,
with items such as a test bench, computer, bookshelf, and chair. These account for 80%
of the laboratory room area; there was a laboratory with a simple environment, which
only contained a chair and a computer, which accounted for less than 5% of the laboratory
room area. At the same time, compared with the laboratory room, the personnel flow in
the corridor was relatively large. In conclusion, the experimental environment contained
complex environments, contracted environments, environments with small personnel
mobility, and an environment with large personnel mobility. Therefore, the applied test
methods and the experimental conclusions obtained in this experimental environment
are universal.

A large number of experiments were performed in the above experimental environ-
ment, and the experimental results are as described below. When mapping using the Wi-Fi
signal, the average localization error obtained using a Gaussian distribution model was
2.64 m and 2.25 m using the putative distribution model. For localization using FM signals,
the average localization error obtained using a Gaussian distribution model was 3.57 m
and 2.65 m using the putative distribution model. For localization using the DTMB signal,
the average localization error obtained using the Gaussian distribution model was 3.44 m
and 2.80 m using the inferred distribution model. The experimental results show that the
performance of Bayesian localization algorithm seriously depends on the selection of signal
distribution model. In the experiment, the statistical analysis of the signal model can be
reasonably inferred by collecting a large amount of signal data to improve the localization
accuracy of Bayesian algorithm based on signal distribution characteristics. The more
detailed Bayesian localization results of Wi-Fi, FM, and DTMB signals are summarized in
Table 1.

Table 1. Bayesian localization results of wireless signals.

Data
Source

A Speculative Distribution Model Was Used Using the Gaussian Distribution Models

Average
Error
(m)

Maximum
Error
(m)

80% Fractional
Error
(m)

Average
Error
(m)

Maximum
Error
(m)

80% Fractional
Error
(m)

Wi-Fi 2.25 7.91 3.16 2.64 9.27 3.99

FM 2.65 8.66 3.68 3.57 11.19 6.17

DTMB 2.80 8.92 3.85 3.44 10.99 4.74

The multi-source data self-decision fusion localization algorithm was compared with
the Wi-Fi localization alone, as shown in Figure 8, while either FM or DTMB was introduced
for single-source-assisted localization. The localization method presented in this paper
has an average error of 1.41 m, which improves the final localization accuracy by 30%
compared to the Wi-Fi localization. Figure 9 is a plot of the error accumulation distribution
for the different localization methods. As shown in Figure 9, if one of the FM signals or
DTMB signals were used to assist Wi-Fi for positioning, the final positioning error is slightly
higher than the result obtained by Wi-Fi alone. The accuracy of Wi-Fi with FM signal and
DTMB signal was greatly improved.
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4. Discussion

With the upgrading of intelligent technology, intelligent services adapted to various
needs have emerged one after another. A large number of hardware and software applica-
tions have put forward the requirements for high-quality positioning services. This paper
proposes a fingerprint fusion localization method based on wireless signal distribution
characteristic, using common Wi-Fi, FM, and DTMB as localization sources, reducing the
deployment costs, and exploring the potential possibility of ubiquitous wireless signals as
a fusion localization source.

The fingerprint fusion positioning method based on the wireless signal distribution
characteristics proposed in this paper mainly innovates in the following three aspects.
Firstly, the selection of the signaling model. When using the Wi-Fi signal for positioning,
compared with the positioning results obtained by simply using the Gaussian distribution
model, the accuracy of the positioning results obtained by selecting the inferred model is at
least 15% higher. When using FM signal for positioning, compared with the positioning
results obtained by simply using the Gaussian distribution model, the accuracy of the
positioning results obtained by selecting the inferred model was improved by at least
25%. When using the DTMB signal, the accuracy of the positioning results obtained by
selecting the inferred model was at least 18% higher compared with the positioning results
obtained by simply using the Gaussian distribution model. Secondly, it builds a multi-stage
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structured positional fingerprint database for multi-level search based on the spatial index
and temporal index, which greatly reduces the fingerprint matching time. Finally, the
self-decision fusion localization algorithm was proposed, which is used to dynamically
assign the weight in the final result according to the relationship between the main signal
source and the auxiliary signal source.

On the basis of the theory, we conducted many experiments and collected a large
amount of data to count the RSSI of different signals to assign the most appropriate dis-
tribution model for each signal. After experiment verification, the Bayesian localization
algorithm based on the signal distribution characteristic had higher accuracy compared
with other fingerprint localization algorithms. Based on this result, the localization experi-
ments were conducted in an indoor area of 7 × 24 m2. The results show that the average
localization error of the proposed multi-source data self-decision fusion localization algo-
rithm is about 1.41 m, which improves the localization accuracy by 30% compared to using
Wi-Fi alone.
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