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Abstraci—In this paper, an image and WiFi multi-mode
fusion localization method s proposed. WiFi fingerprint lo-
calization is one of the most commonly uwsed methods at
present, but WiFi fingerprint localization has the phenomena
of multipath and non-line-of-sight, sipnal Auctuation, scattering
and so on, which leads to the unstable g effect. In
addition, the image uses featurs matching to determing the
user's location, which is less affected by the environment, more
stable and lower cosi. Taking advantage of the advantages of
the two algorithms, a new fusion location estimation algorithm
is proposed. In the offline phase, WiFi fingerprint and image
are collected, fngerprint datahase is established, and the
collected images are split and matched using AlexNet to
determine the overall range. In the online stage, fingerprint
location matching is carried out in the area through the fusion
WiFLAfter is, the results show that our method can

effectively reduce the fuctuation of Wik fingerprint positioning
and improve the positioning accoracy; it can be widely used
to provide indoor positioning services for people.

Keywards-Indoor  position; WiFi fingerprint  positioning;
multi-mode fusion; features mateh;

I. INTRODUCTION

Indoor positioning plays an important role in indoor
business activities, monitoring, logistics and transportation.
With the emergence of Location-Based Service (LBS), in-
door positioning is also more used for persomal purposes
(such as indoor navigation, indoor location-based service,
supermarket shopping guide, etc.). However, compared with
outdoor positioning based on global positioning system
(GPS), which is mature, there are several major problems in
indoor positioning: 1) environmental closeness and structural
duplication. The impurity makes the accuracy of outdoor
positioning unable to meet the practical application. 2)
Indoor posiioning with additional hardware is expensive
and difficult to popularize. 3) Radio signal has serious
interference, large attenuation and low positioning accuracy.
Mobile phone indoor positioning has been a hot spot in
personal indoor positioning because of its low threshold,
low cost and easy promotion. However, due to the limitation
of mobile phone hardware and computing platform, mobile
phone indoor positioning has many limitations.

In the context of the widespread use of WiFi routers and
smartphones, Wil fingerprint-based positioning methods
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have received widespread attention. The RADAR system
[1]introduced by Microsoft Research is the first example of
WiFi indoor positioning. The RADAR method compares the
real-time collected Wi-Fi Received Signal Strength (RSSI)
vector with the data in the database to find the most
similar position as the positioning result; Horus[2]is a classic
Naive Bayesian probability model. WiFi fingerprint location
system. The probability distribution of the Wi-Fi signal
strength is wsed to find the degree of matching between
the RSSI veclors in a probabilistic manner. Singh et al
[3]proposes an indoor positioning method that combines
WiFi and GPS signals. However, since WiFi signals are
affected by multipath interference, it is difficult to achieve
satisfactory results by relying solely on WiFi fingerprint
positioning. Using images for indoor positioning is another
hot research method. Jizo et al [4]uses the analysis of image
information and WiFi signals to visualize the WiFi signal
and achieve position estimation by merging the visual image
and the RGB image.

In view of the shontcomings of the above single indoor
positoning method, this paper attempts to use the multi-
modal fusion for precise positioning, and combines the
image with the WiFi information for positioning, aiming at
overcoming the defects of single-mode signal positioning
and achieving better positioning effect. Both signals have
the following advantages: no additional infrastructure is
required, the hardware cost is low; the signal is relatively
stable, the robusiness is good; the acquisition is convenient
and easy to promote. Based on the characteristics of the
two signals, the image has better discrimination in a wide
range, and the WiFi fingerprint algorithm can distinguish
well in the local area. In the positioning process, the image
information is first used for regional differentiation, and
then the WiFi fingerprint matching is used to obtain more
accurate positioning results. In such a multi-modal method,
positioning from coarse to fine can have better adaptability
and positioning effect.

The rest of this paper is organized as followed. Section 2
reviews related work and the algorithm framework in Section
3. Section 4 discusses the methodology. Application and
analysis arc discussed in Section 5, and finally Conclusion
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and Future works will be featured in Section 6.

II. RELATED WORK

The indoor positioning system uses sensor information to
realize positdon estimation, Our work is to realize multi-
modal position fusion position estimation by using WiFi
fingerprint location and image position classification.

A. WiFi fingerprint positioning

WiFi has two working modes, one is a peer-io-peer
working mode, wireless interconnection through a wircless
network card; the other is to install a wireless connection
device, builds an infrastructure network model, and forms a
unique WiFi hotspot, which is used by a large number of
users. Such as large shopping malls, airports, etcDifferent
wireless receiving points (APs) broadcast radio signals to
the surrounding at a specific frequency. The data frames
contained in the signals carry some specific information
to indicate their network status, especially the received
signal strength (RSSI) and MAC address, WiFi fingerprint.
Positioning obtains the target position by obtaining the
comresponding position information by real-time matching
of the received signal strength, and the WiFi positioning
is divided into two stages, an offline training stage and an
online positioning stage. The offline stage constructs location
coordinates and WiFi signal strength, and locates the fin-
gerprint database. The online stage compares the measured
WiFi fingerprint information with the stored data in the
database. Commonly used WiFi measurement methods are
TOA, TDOA, and AQA triangulation methods. This paper
proposes a weighted fusion fingerprint location methed.

B. Image-based positioning

Image-based localization uses pattern matching to directly
or indirectly match the image of the current environment
with the pre-prepared image. The most direct way of match-
ing is to extract features from real-time images, and find
out the most similar database images by feature similarity,
using the location of the image identification as the location,
For example, some researchers use some obvious landmarks
as markers to achieve localization by image recognition of
landmarks. The use of landmark positioning requires the
ease of discovery and unigueness of landmarks, which is
maore suitable for outdoor open environment. In the indoor
environment, because of its space limitations, the feasibility
of using landmarks alone for positioning is low.

In addition, many smdies have focused on the use of
image fingerprint for matching and positioning. The feature
extraction methods focus on scale-Invariant Feature Trans-
form (SIFT), Speed-Up Robust Feature (SURF) and other
features of the captured image, and establish image finger-
print database for matching. The position corresponding to
the image with the highest matching degree will be used as
the wsers adjacent location. There are also image semantics
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[5] information used as features, using semantic features
for matching. Because image location only needs image
as input, it can also be used for outdoor location. Image
localization requires a more distinct distinction between
locations, and it is closely related to the quality of the image.

The main methods of using computer vision are 2D
image retrieval and 3D modeling. The 2D approach typically
requires image feature matching to determine where the user
is taking the photo. A typical representative is MoVIPS [6],
which uses the SURF feature to estimate the relative distance
of the real geographic location using the pixel distance,
and finally the specific location where the vser took the
photo. The 3D model-based positioning method usually uses
the SfM (Structure from Motion) algorithm to construct
a three-dimensionzl structure of an indoor scene using a
two-dimensional image sequence. For example, the iMoon
method proposed by Jiang et al. [7] compiles a navigation
grid from the penerated 3D model by building a 3D model
of the indoor environment through crowdsourced 2D images.
Find the mapping between the 2D feature points and the 3D
point cloud on the photo to get the positioning result. The
positioning method based on computer vision is relatively
intuitive, with good stability and convenient data collection.
However, the method based on 3D model localization is
complicated, and the amount of data construction is large.
The method based on 2D retrieval is relatively inaccurate,
and it is necessary to further combine the other methods to
optimize the positioning effect,

. Mulri-mode Fusion Indoor positioning

By utilizing the advantages of both, the multi-mode data
can be effectively utilized in a multi-modal manner to obtain
a better positioning effect. This paper is mainly based on
the indoor posiioning methed based on the fusion of WiFi
information and image data information. The convenience of
WiFi and the stability of the image are used to improve the
positioning performance. Firstly, the image data is trained in
the offline stage to divide the location area, the WiFi finger-
print information is collected, and the image information is
divided; the WilF data is matched in real ime in the online
stage, and then get the positioning result.

I. ALGORITHM FRAMEWORK

An algorithm for image localization wsing multi-modal
fusion using image and WiFi fingerprint information is
proposed 1o overcome the shorcomings of single-mode
signal localization. Based on the characteristics of image
and WiFi fingerprint location, in the process of positioning,
the image information is first used for area division. Based
on this, the WiFi fingerprint information is used for further
fine-grained matching. Positioning is done in a coarse to fine
MAnner.

The designed indoor positioning algorithm is mainly
divided into two stages: the offline training stage and the on-
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line positioning stage. The positioning process is as shown:
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Figure 1. The system work flow of our positioning process

In the offline training stage, it is necessary to combine
the test scenario plan with the preset data acquisition related
information to collect and analyze the WiFi signal strength
and image data. This phase mainly includes two parts:
(1) WiFi signal strength processing: using the K-means
algorithm to perform fingerprint clustering training on signal
strength to construct a corresponding WiFi fingerprint map;
(2) Image training: Using AlexNet to construct an image
classification model.

In the online positioning stage, after the relevant data
acquisition is completed, the region matching based on the
conlinuous image: for each segment, the trained neural net-
work model is used for image classification, and successive
images are analyzed to reduce the chance and determine
the overall region range. Weight-based fused WiFi signal
strength matching: The location information is filtered using
the region range determined by the image and the signal
strength obtained online. To determine the closest location.

A. Construction of indoor coordinates and grid point divi-
sion

This paper chooses to build indoor maps in Guilin Intelli-
gent Industrial Park, builds indoor maps using indoor actual
scenes, establish a two-dimensional coordinate system, and
maps each position of the indoor plane to coordinates.

The indoor map is meshed evenly, and Wi-Fi fingerprint
data and multiple image data are collected at multiple loca-
tions and recorded in two-dimensional coordinate positions,
In the case of Wi-Fi fingerprint collection, due o the obvious
fluctuation of some low-intensity Wi-Fi APs, this paper
adopts the strategy of time-division multiple acquisition. For
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image data, by acquiring continuous video, subsequent frame
extraction is performed to acquire a related position image.

The grid points are divided by a fixed length to collect
data for the walkable range of the indoor environment. In this
paper, the sampling points are divided by 0.5 m steps. Figure
2(c) shows the point distribution information for indoor
sampling in the indoor reachable range, and the origin of
which is set at the left lower comer of the scene,
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Figure 2, Indoor coordinates

IV. METHODOLOGY

First, the area to be located is divided, and then the
corresponding collection point is determined according to
the fixed AP point. According to the indoor environment
and accuracy requirements, the distance between each fixed
point can be set between | meter and 5 meters. The higher
the precision, the smaller the fingerprint distance of the
dot. The information such as the BSSID of the AP the
physical location of the sample reference point, the received
signal strength value, and the timestamp of the RSSI are
acquired. The original data is filtered to eliminate the use-
less AP information, which can improve the computational
efficiency of the algorithm, and then average the original
data to reduce the interference of other signals, so that the
fingerprint information is more stable, The pre-processed
data is trained by fingerprint clustering using K-means to
further classify, reduce online matching fingerprint search
lime, and improve commesponding efficiency, so that it can
adapt to relatively large scenes. After some columns data
processing, the fingerprint database is finally generated and
stored in the server,

In the offline fingerprint data collection stage, data
is collected according to the reference point, and R =
[r1.720..s¥m] be a two-dimensional matrix for reference
points.At each reference point, nth RSSIs are received. In
order to reduce the measurement uncertainty, the signal
strength is obtained from Hy to H, in t time, and the received
signal strength is averaged, and computed as:

n<i
Re=7 ( T R).
n=i .J

In the online stage, the WiFi signal strength is obtained in
real time, and the Buclidean distance [8] is used to calculate

(1)
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the real-time signal strength and the signal strength distance
in the fingerprint database. The Euclidean distance is:

(2)

Taking kth reference points with the smallest Euclidean
distance and then estimates the user position with the
corresponding position:

k Fi
(i) e i e "[r"”‘} | @

A. Image classification and positioning based on AlexNet

When collecting image data, the collector only needs to
collect continuous video according to the direction of travel,
without taking a separate point to take a photo. This way can
be synchronized with the acquisition of the magnetic field
sequence, and the acquisition speed is faster. After the video
acquisition is completed, frame extraction is performed on
the collected video. The images of the corresponding frames
are extracted according to a certain number of frames, and
are mapped to specific path coordinates according to time
intervals. Since the similar geographical location images
have local similarity, each picture can be classified according
to its actual physical location, that is, the images of a certain
length interval are classified into the same class.

After completing the classification, uvse AlexNet [9]
to perform supervised leamning classification modeling on
the image for regional scoping in the online positioning
stage. Compared with some of the later models, such as
GoogleMet [10], AlexNet has a relatively shallow network
structure, but it can also extract more features. For the small
amount of data in this article, using the AlexNet mode] will
have better accuracy and efficiency.

As can be seen from the basic structure diagram, AlexNet
congists of eight layers of structure, including five con-
volutional layers and three fully connected layers. Each
convolutional layer contains an excitation function (RELLT)
and a local response normalization processing layer (LRN),
which is processed by downsampling (also called pooling
layer, which is not included in conv3 and conv4) to reduce
the amount of computation. And data dimensions. Among
them, the LRN (Local Response Mormalization) layer is a
special calculation layer in AlexNet, which performs local
area normalization on the input data, and the function is to
smooth the output result of the current layer, thereby im-
proving the precision. The calculation formula is as shown:

j=maz{li-n/2)

b3

min(N—1.34n,2)

by =0k, /(k+a (al ,)%)° (4)

In practical applications, the first input layer is 227 = 227
® 3, instead of 224 = 224 % 3 in the original network, the
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main reason is that the input of 227 x 227 is more conducive
to the divisible calculation of the convolutional layer. In
the last layer of the original model, 1000 neurons are used,
and 4096 neurons in the seventh layer are fully connected.
Through the Gaussian filter, 1000 values of type float are
obtained, that is, 1000 prediction probabilities are obtained.
In actual use, the appropriate number of neurons is selected
according to the number of classifications. After the image
data is classified, the Caffe Model can be directly called in
the online positioning stage, and the newly collected image
data is classified, so that the area is divided according to the
information, and it’s beiter to be used to the WiFi positioning
matching.
¥. APPLICATION AND ANALYSIS

This experiment mainly tests the positioning algorithm in
Guilin Intelligent Industrial Park. It uses OnePlus 5T mobile
phone as the test equipment. In the offline stage, it collects
WiFi and image data, and performs WiFi fingerprint and
multi-angle image acquisition at fixed points. We selected
200 sets of test data and compared the cumulative error
distribution functions of the test data, as shown in the figure.
The abscissa is the positioning error and the ordinate is the
corresponding cumulative probability. The red solid line is
the multi-modal indoor positioning algorithm used in this
paper, that is, the positioning error corve combined with the
magnetic field and the image; the green thick dotted line is
the positioning error curve of the WiFi positioning mode,
and the positioning is performed using the WiFi fingerprint
information in the test data; The thin color dashed line is
the image mode positioning error curve, and the image data
is combined with feature extraction for positioning.

[ L
o i 2 3 4 5 6 T 8 8 10
Localization Errar{m)
Figure 3. Guilin Intelligent Industrial Park test cumuolative probability
eror functon

This scenc is mainly based on the corridor area. Some
of the test results based on the image information can
also obtain better positioning results, but the ratio of errors
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greater than 2 meters is significantly higher than that of
the multi-modal method. The positioning error based on the
WiFi fingerprint method is less than 2 meters. In general,
compared with the other two methods, the multi-modal
positioning method fully combined the advantages of the
signal, and helps to narrowing the range and obtain a small
positioning error.
VI. CoNCLUSION AND FUTURE WORKS

Indoor positioning has always been important for indoor
business activities, momnitoring, logistics, etc.Many scholars
have siudied Wi-Fi positioning, but due to the instability
of Wi-Fi, Wi-Fi positioning focuses on indoor room and
area positioning, and it is difficult to coordinate positioning
in more common situations. There are also many studies
that vse WiFi and images for point location, but their image
localization is mostly based on preset image tags, using the
image projection in the camera and its prestored spatial
geometry for point location, but it is necessary to place
image tags that are clearly identifiable in a plurality of
locations, and it is limited by the viewing angle of the
viewing angle and is easy to canse visual interference to the
user. The fusion strategy proposed in this paper is to divide
the existing area by image, and then use WiFi to perform
real-time positioning through weighted fusion positioning
algorithm, which realizes accurate point location in the case
of small number of WiFi APs. The positioning algorithm
has considerable practical application value for indusirial
production, but it still needs improvement in several aspects:
(1) For realtime performance, it is often used as one of the
indicators for evaluating positioning performance, and the
AlexNet image training is used to obtain the classification
area, which increases the time overhead. (2) When the user
makes a fast move, the image matching accuracy is low
for image shake., However, in the casc of low real-lime
requirements and smooth movement, the algorithm proposed
in this paper has a higher practical significance.
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