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Abstract: With the urgent need of precise positioning faced by internet of things (IoT) applications, the
universality and cost of indoor positioning devices become key factors. Since the 5G network has been widely
deployed, new opportunity is brought by tightly fusing the traditional low-cost sensors, i.e., the magnetometer.
In this study, using 5G channel state information (CSI) and geomagnetic data, a multi-input convolutional
neural network (CNN) localization system was proposed. First, to generate a data tensor that is easy for CNN
processing, the raw data was reconstructed individually. Then, to comprehensively incorporate the features of
5G CSI and geomagnetic strength data, the ReLU function was chosen as the activation function of the
convolutional layer. After that, a multi-input CNN was trained using the incorporated geomagnetic strength
and CSI amplitude in the off-line side, and the trained CNN was recorded as a location fingerprint, which can
be used for the user position prediction. Finally, in the online side and using a multi-input CNN, the 2-D
coordinates are estimated and tested indoors in a typical conference room scenario. The results showed that
longer sampling time of fingerprint data result in better uniqueness of the reference point, while the data
collection time of locating points does not need to be long. Taking the positioning efficiency and accuracy into
consideration, a sampling time of 3s at the reference point and 0.2s at the locating point are recommended. The
positioning accuracy using the proposed method was 1.41 m, with an improvement of 22.9% compared with
the 5G positioning, and an improvement of 18.0% compared with the 5G and geomagnetic fusing positioning
using single CNN.

Keywords: 5G channel state information; low-cost magnetometer; multi-input convolutional neural network;
fingerprint localization; heterogeneous fusion

1. Introduction

The internet of things (IoT) is a vision for the development of the internet world. With the
advancement of internet technology, the fields of smart homes, smart transportation, and smart cities
are making progress in automation and intelligence. Location-based services are one of the basic
services of the mobile internet [1], and high-precision indoor intelligent positioning services have
gradually become a necessary requirement for people's daily lives. Currently, the most widely used
location service technology is the global navigation satellite system (GNSS), which can provide a
broad and universal technical guarantee for navigation and positioning in open environments and
meet the location requirements in most scenarios. However, in indoor environments, due to complex
and changing electromagnetic environments and obstructions, GNSS cannot be directly and
effectively applied. On the one hand, the ultrasonic and laser positioning technologies have the
disadvantages of poor universality and high deployment costs, and cannot meet the high-precision
and wide-coverage positioning needs of the IoT. On the other hand, in the fields represented by
railway tunnels, mine detection, and disaster relief, it is necessary to determine the location of
relevant workers. In addition, people spend 80% of their time indoors [2], and providing high-
precision and reliable location information is the foundation of various indoor applications. This is
also one of the key challenges that the current national comprehensive PNT system urgently needs
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to solve [3]. Therefore, indoor positioning technology has received widespread attention from
scholars [4].

In recent years, with the development of communication technology and various sensor
technologies, indoor positioning technology is also booming. Currently, the most widely used
methods are based on distance measurement, angle measurement, and fingerprint information
sampling. Among them, the observation quantities based on distance measurement include time of
arrival (TOA) and time difference of arrival (TDOA) measurements. Using TOA, the propagation
time of the signal is used to calculate the distance between the base station and the target point, and
the target point position is obtained through the intersection method [5,6]. Due to the fast speed of
radio signal propagation [7], TOA requires a high-precision time synchronization system between
base stations, which greatly increases the positioning cost and makes it difficult to deploy effectively
on a large scale. TDOA is an improvement on TOA [8], which does not require direct acquisition of
signal arrival time to calculate the distance between the terminal and the base station, it calculates
the distance between the terminal and the base station by subtracting the signal arrival times,
reducing the requirement for device consistency [9]. Since an accurate measurement of the time
difference of signal propagation is required, the same situation is face by the TDOA [10]. In addition,
under complex scenes, the non-line-of-sight (NLOS) signal will lead to large ranging and positioning
errors.

The angle of arrival (AOA) measurement belongs to the second measurement. By obtaining the
phase difference of the signal through the coherent solution of the base station array antenna, AOA
estimates the terminal coordinates using the converted angle [11]. Since a time synchronization
system is not required, the positioning cost can be reduced with fewer base stations [12]. However,
to achieve better positioning effects, this method requires the addition of a large-scale antenna array
and the signals must propagate through direct paths between signals [13]. In an indoor environment,
the multipath effect is serious, leading to poor signal quality, and the complex decoherence algorithm
also increases the computational complexity.

The last fingerprint-based method does not require related calculations or time synchronization
modules, and also not affected by NLOS. The positioning system is divided into an offline stage and
an online stage, wherein the offline stage collects the environment fingerprint information of the test
area in advance and establishes an offline fingerprint database, and to obtain the position of the test
point, the online stage matches the real-time environment fingerprint information of the test point
with the data in the offline fingerprint database [14]. The characteristic including receive signal
strength information (RSSI), channel state information (CSI), and geomagnetic information can be
selected as fingerprints [15]. Without signal calculation, this method can set different densities of
fingerprint information collection points according to different scenes. But since the time and
manpower cost required for offline fingerprint collection is relatively high, if the surrounding
environment changes, it will cause certain interference to signal collection and offline matching.
However, with the development of deep learning algorithms, dynamic updating of the fingerprint
database can be achieved, and the anti-interference performance of the fingerprint database can be
improved by adding additional sensors. Compared with TOA, TDOA, and AOA, the fingerprint
method has stronger performance in terms of deployment cost and applicability.

In this contribution, the existing research on indoor positioning methods is reviewed first,
followed by the introduction of the research status of fingerprint positioning. Next, the acquisition
and pre-processing of 5G CSI and geomagnetic data, as well as the fusion positioning algorithm of
5G CSI and geomagnetic are elaborated. Then, experimental verification is carried out. Finally, the
main conclusions are drawn.

2. Related Works

Affected by the indoor complex environment on radio signal propagation, most of the research
has been carried out using multi-sensor integration methods and deep learning algorithms. Li et al.
used the RSSI of Wi-Fi signal as fingerprinting feature data and neural network model algorithm, a
higher accuracy than traditional machine learning algorithms was obtained [16]. To enrich
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fingerprint database information, Liu et al. used the amplitude of CSI of Wi-Fi signal instead of RSS
as fingerprint data, and the convolutional neural networks (CNN) was utilized as a classification
algorithm, as a result the positioning accuracy at sub-meter level in small indoor and outdoor scenes
was achieved [17]. Since the geomagnetic-based positioning technique does not require the
installation of signal transmitting equipment, Ding et al. proposed a CNN-based geomagnetic indoor
positioning method with low cost and large coverage area. And compared with the traditional k-
nearest neighbor (KNN) positioning method, this method showed higher accuracy and robustness
[18]. However, the above single sensor-based positioning method has certain disadvantages in terms
of technical cost, positioning accuracy, and stability [19,20], i.e., the vulnerability of Wi-Fi signal to
interference and the low spatial resolution of geomagnetic matching [21].

To overcome the shortcomings of a single sensor, an alternative scheme is the multi-sensor
information fusion. Pan et al. proposed a Wi-Fi-assisted magnetic field matching positioning method,
in which the Wi-Fi was applied for coarse localization and constructing a standard circle, and
geomagnetic data was then used for precise localization within the standard circle. As result, the
positioning accuracy was improved through reducing the mis-matching rate caused by the multipath
effect of Wi-Fi signals [22]. Using the Wi-Fi signals to determine the initial position by random
sampling consistency algorithm, Ruan et al. used geomagnetic matching based on adaptive filtering
to correct the positioning results for pedestrian dead reckoning (PDR), which effectively overcome
the PDR accumulation error [23]. With the application of the fifth-generation mobile communication
network (5G), a new 5G air interfaces-based positioning has received widespread attention [24]. Since
5G uses orthogonal frequency-division multiplexing technology to obtain the system's CSI, which is
more stable and abundant in the aspect of CSI feature information than that of Wi-Fi technology
[25,26]. By combining the CNN with bi-directional long short-term memory network (BiLSTM), Ruan
et al. designed a feature- and sample-based deep network with dual attention mechanism to extract
implicit spatial and temporal information of 5G CSI respectively, and meter-level positioning
accuracy in indoor office scenarios was achieved [27]. Using the simulated 5G CSI, Gao et al. used
ray-tracing channel model for indoor and outdoor localization. However, the effectiveness of this
method should be verified with the measured data under real scenarios [28]. Ruan et al. used
unsupervised deep self-encoder network to reconstruct CSI features and weighted the reference point
coordinates by supervised learning, an average indoor positioning error of 2.14 m was obtained [29].
Fusing 5G, geomagnetic data and visual inertial odometry, Yang et al. used error back propagation
neural network (BPNN) to improve the positioning accuracy [30]. In this context, by tightly fusing
the widespread 5G and low-cost geomagnetic sensor, this paper proposes a positioning method
based on multi-input CNN, in which a short-time collected CSI and three-dimensional (3D)
geomagnetic information is utilized as location fingerprints, the high-dimensional CSI information
and low-dimensional geomagnetic data are convolved respectively, then fusion positioning is
performed, and finally the experiments are carried out to validate the proposed algorithm.

Currently, the 5G base stations have been widely deployed. And hence, signals emitted by the
base station can be received by any 5G terminal user, which will not limit the number of users. In
addition, a low-cost geomagnetic sensor with the accuracy of is 1 utilized. Since the geomagnetic
sensors with similar performance have already equipped by current smartphones, the geomagnetic
data can be obtained conveniently and quickly, thus significantly reducing the positioning cost.
Therefore, the proposed method has high applicability and practicality.

3. Methodology

Multi-input CNN is a machine learning algorithm developed on the basis of single CNN. It by
exploiting the correlation between multiple inputs and learning multiple different types of features,
the model performance and generalization are enhanced, and the accuracy is improved by combining
different types of data. Besides, to reduce the risk of overfitting and improve the robustness of the
system, the amount of data is increased. To fully extract features from different data, the multi-input
CNN, instead of single-input CNN, can construct different network branches according to the input
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data type and dimensionality. Considering the different dimensions of CSI and geomagnetic data, a
multi-input CNN model for 5G CSI and geomagnetic fusion is utilized here.

Figure 1 gives the flowchart of the proposed algorithm, wherein preprocessing, training and
online localization are involved. Firstly, raw 5G data and geomagnetic strength data are collected.
and the 5G CSI amplitude information and the three-axis geomagnetic strength data are extracted to
create a composite location fingerprint. After that, to facilitate the subsequent CNN processing, the
above data is constructed into tensor-type data. During the training phase of the neural network,
using 5G CSI amplitude and geomagnetic tensor data used as input layers, and corresponding
coordinates as output layers, they are input into different network branches. Besides, the training
results are continuously optimized by adjusting the number of training iterations and network
structures. A comprehensive multi-input CNN network is created by combining the established two
branches. In the online real-time positioning stage, the measured data is input into the trained multi-
input network to obtain the coordinates.
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Figure 1. Flowchart of a tightly coupled indoor positioning method using widespread 5G and low-
cost magnetometer based on multi-input CNN.

3.1. Data Collection and Preprocessing

The principle of fingerprint localization is to describe the different locations according to the
different data collected at each location. The uniqueness of location is represented according to the
uniqueness of data features, so the construction of fingerprint data has a great impact on the overall
positioning effect. In applications, the characteristics of fingerprint data can be enhanced by
extending the data sampling time and increasing the types of sensors to improve the accuracy of
fingerprint positioning. However, extending the time of data a sampling will reduce the practical
applicability of fingerprint positioning. Therefore, it is necessary to comprehensively consider the
positioning timeliness and positioning accuracy.

This section describes the sampling and pre-processing of 5G CSI and geomagnetic data.

3.1.1.5. G CSI Data Pre-Processing

In a 5G wireless network, the received signal ¥ onthe V wsubcarrier between the transmitting

antenna O and the receiving antenna 7 can be represented as:
e ()= H(v)XE,()*e(v) M)

where, ¢/ (V) is the transmitted signal, . (V) is the Gaussian white noise, H/ (V) is the channel

frequency response (CFR) in the frequency domain, which contains both amplitude and phase
information. It can be described by the following equation:
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where, H”(v) and ZH represent their amplitude response and phase response, respectively.

The CSI data collected in this paper consists of 60 discrete samples of the 5G new radio NR
channel impulse response, which represents the amplitude information of 60 subcarriers. The
amplitude information of each subcarrier is used as fingerprint information for the fingerprint
database. The sampling frequency is 50 Hz, and the collected data can be represented by matrix
(Equation 3). Each element of the matrix is represented as a a+bXi complex numbers, and hence

the amplitude information of each carrier wave S =+ a’+b> 1In the creation of fingerprint
database, the initial 5G CSl is a discrete numerical matrix that cannot be directly input into the CNN,
thus it needs to be pre-processed, which means that 1s data needs to be processed by expanding to a
tensor format grayscale image data, and the location labels should be added, so as to construct a
complete position fingerprint data.

Hu’ Ty Huv

HMI’ Ty HMN

where, M =50-¢, t is sampling time, N is subcarrier number.

In the positioning based on 5G NR, CSI generally refers to the channel state information obtained
by the 5G signal receiver through demodulation. It includes information on signal transmission,
signal scattering, environmental attenuation, distance attenuation, etc. [30]. Due to the complex and
changeable propagation environment, the CSI amplitudes at different locations vary with different
propagation paths, but CSI at the same location remains relatively stable. There is a certain mapping
relationship between the location and CSI. Figure 2 describes the 5G CSI amplitudes at two different
locations. The amplitudes of 60 subcarriers at the same location all remain stable within 1 s, and the
CSI amplitude have different variation rules of different locations, which can be used to represent the
change of location and establish the mapping relationship between the CSI and location. Obviously,
the longer the sampling time of CSI, the richer the location features described and the stronger the
unique features of the fingerprint. Undoubtedly, the long sampling time will reduce the practicality
of the algorithm, therefore a balance needs to be found between the richness of the fingerprint
information and the positioning efficiency.
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Figure 2. 3-D images of CSI data collected at different locations. The left and right panels represent
two different locations, respectively.

3.1.2. Geomagnetic Data Pre-Processing
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The geomagnetic intensity reflects the spatial distribution characteristics of the Earth's magnetic
field. It should be noted that in indoor environments, geomagnetic information may be affected by
steel frame structures [30], i.e., reinforced concrete, leading to geomagnetic anomalies. However, such
anomalies make the surrounding buildings more unique in the aspect of feature textures, which can
be used for indoor fingerprint positioning. In addition, unlike wireless signal propagation paths that
are affected by the layout of indoor objects, geomagnetic data is not affected by complex indoor
environments. Once the location of magnetic objects is fixed, the positioning becomes relatively
stable.

In the paper, the collected geomagnetic data are the intensity values of the X, Y, and Z-axis
geomagnetic components and the geomagnetic model value, and the coordinate system is
determined by the device itself. To fully utilize the data, the three-axis components of the
geomagnetic field are selected as fingerprint data, and due to the relatively low accuracy of the
geomagnetic sensor, the influence of different directions of the geomagnetic vector is ignored. Since
CNN has been proven to have excellent abilities in the image feature extraction, the above three-axis
component data is reconfigured into image-type data, and the initial geomagnetic data format was

3Xn-t.
Xl Xn-t
N=Y - T, )
zZ, - Z

nt

where, N is a set of geomagnetic data, 7 is the frequency, ¢ is the sampling time.

To fully utilize geomagnetic data for network processing, Figure 3 shows the reconstruction of
data structure using the "reshape" function. First, to form a grayscale image, the data on each axis
component is extracted and filled in order into a mXm matrix, and mXm =n-t, as shown in (a),
(b), and (c). After filling the three-axis components into the matrix, they are stacked and constructed
into a format similar to "RGB" using the "Vstack" function, as shown in (d). Then, the data of the
three-axis components are expanded to3XmXm according to the architecture of neural network,
and the channel order is adjusted. Finally, location labels are added to construct complete fingerprint
database data for training.

Figure 3. The reconstruction of data structure using the "reshape" function (a), (b) and (c) are the gray
image of geomagnetic triaxial data, respectively, and (d) is color image after superposition.

3.2. Multi-Input Convolutional Neural Network Model

The performance of matching algorithm directly affects the positioning effectiveness. Since the
used low-cost geomagnetic sensor has low accuracy, the algorithm optimization is required to
improve the positioning accuracy. This section describes the network architecture and network-
related parameter settings.

3.2.1. Network Architecture
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Figure 4 shows the schematic diagram of multi-input convolutional neural network framework.
The multi-input CNN model is constructed using the functional API from Keras, in which two input
branches consisting of 5G CSI amplitude and reconstructed geomagnetic three-axis component data.

Firstly, to fully extract the features of the input data, the two branches are designed as different
network structures according to different data types. And to speed up network convergence, the
batch-normalization (BN) is performed after each convolutional layer in the aforementioned two
branches.

And then, due to the relatively small dimensionalities of the two datasets, and to ensure that the
same dimension of the input and output of the convolutional layers, the "padding” parameter of the
convolutional layer is set to "same". To further reduce the number of neurons, a 2X2 max-pooling

layer is added before the fully expanded layer, and N sets of matrices with a format of (m, n) can

be obtained. And the "Flat" function is used to fully expand and concatenate them into a one-
dimensional array of NXmXn.

Finally, after the feature extraction of the two types of data using their respective networks, the
two sets of data are concatenated and fused by using the "concatenate" function. Due to the large
number of inner elements which may cause overfitting, "Dropout” is added to randomly drop some
neurons. After adding multiple Dense layers, the number of elements in the array can be significantly
reduced.

By setting different output dimensions in the Dense layer, the neural network can automatically
adjust the number of elements in hidden layer K. After the full connection layer, the Linear activation
function establishes the mapping relationship between the output array and the corresponding
position coordinates. By setting the output neuron number of the last Dense layer as 2, wherein the x
and y components are output

10X 60 X 16 10X 60X 32

10X 60 X 64 5X30X 64

I max-
Conv-2D > L pooling]
ropou
Geomagnetic Conv-2D
data

10X 10X3

10X 60 X 1

CSl data

Dense Output
— .
Position

Figure 4. Schematic diagram of multi-input convolutional neural network framework (blue is 5G

fingerprint feature input network; gray is geomagnetic fingerprint feature input network; black is
fused data after concatenation; Conv-2D indicates that the convolution type adopted is 2-dimensional
convolution).

3.2.2. Network Parameter Setting

The multi-input CNN is composed of several single CNN branches, and different network
structures of different network branches can set according to the input data. The single CNN model
is generally divided into three parts: the convolutional layer, the pooling layer, and the fully
connected layer. To solve different problems, it is usually necessary to construct specific forms of
these three layers and modify the corresponding parameters to construct a CNN model that adapts
to different applications.

1. Convolutional layer

The main function of the convolutional layer is to extract features from the input data through
the convolution kernel. One convolutional kernel is responsible for one channel, extracting features
from different channels to improve the forward calculation rate of the network. The input data can
be either raw data or the output from the previous layer. The convolution kernel continuously slides
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on the corresponding input matrix, and after multiplying the convolutional kernel elements with the
original elements of the local matrix at the sliding position, the sum is obtained as:

X=Xk b 5)

ieM;

where, x;' is the n layer of the j feature map, f is the activation function, M is the set of

input feature maps; k is the convolution kernel, b is the bias. In the actual first convolution
calculation, x;is CSI data /1 and geomagnetic data N reconstructed into picture format. And at

the beginning of the operation, a convolution kernel k£ will be randomly generated, which will be
adjusted according to the calculation deviation during the back propagation.

2. Activation function

In a neural network, a functional relationship needs to be established between the output of the
node of the upper layer and the input of the node of the lower layer, which is called the activation
function. The selection of activation function is very important for the network. ReLU function is the
most commonly used activation function, which is a piecewise linear function and belongs to
unilateral inhibition function. the ReLU function which can speed up the training of the network. In
addition, the derivative of the positive part is always equal to 1, which can effectively avoid the
problem of gradient disappearance and explosion in the backward propagation of deep networks.
Therefore, this paper selects the ReLU function as the activation function for the convolutional layer
and fully connected layers shown as:

X,(X>0) (6)
O,(xSO)

The last layer is the output layer, because it is used for regression prediction, so the activation
function of the output layer is set as linear activation function. Specifically, assuming that the data

y:

processed by the fully connected layer is X = [xl 3 Xyttt X, ] , and the target value of the data to be

predicted is ), then the expression for predicting the value is shown as:

n
y= wx +b )
i=1
where, W, is the weight parameter corresponding to the i feature; b is the bias, ) is the
predicted value used to distinguish the true value ). Mean squared error (MSE) is used during
training to fit the training set data by optimizing W, .
3.  Optimizer

To get the best network parameters, we need to set up an optimizer for the network. In this
paper, the adaptive moment estimation (Adam) parameter optimization method is utilized, which
combines the advantages of the AdaGrade algorithm and the RMSProp optimization algorithm. This
optimizer allows the gradient descent to be performed quickly in the backpropagation calculation. It
also integrates the first-order moment estimation and second-order moment estimation of the
gradient, calculates the update step, preserves the historical gradient information, and avoids falling
into the global optimum. The function is shown as:

m, :é‘lmt—l +(1_§1)gt

8
v, =§2vt—2+(1_52)gt2 ®

where, m, and v, are the estimates of the first and second moments of the gradient, 51 and 52

are the exponential decay rates of the current estimate, g, is the gradient calculated in this iteration.
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Before the iteration, the estimates of the first and second moments can deviate significantly, so
a correction is needed. The corrected function is shown as:

A m,
1= 9)
A \%
Vt: ;
-3

where, nAit and \Z are the revised estimate of the first and second moments, ¢ is the number of

current iterations.
After correction, the gradient can be updated to:
o-m,

NAR
where, W is the gradient, & is the learning rate, £ is avoid small constants with a denominator
of zero.

W, =w,_, — (10)

4. Loss function

In order to measure the gap between the output value of the network model and the real value,
and to adjust the corresponding parameters according to this gap, a loss function is required. The
mean square error (MSE) loss function is the most commonly used loss function in regression
calculation. The loss function index is MSE shown as:

L7 e
MSE==Y(L(%3)~L(x.»)) D

nio
where, L and L are the predicted values and true values of the coordinates, respectively.

5. Batch_size and epoch

Batch_size should be set according to the size of the data volume. If batch_size is too small,
network convergence will fail. If batch_size is too large, each iteration takes longer. When a complete
data set passes through the neural network once and returned once, this process is called an epoch.
If the epoch is too small, the weight update time in the neural network will reduce, and the fitted
curve will be underfitted and cannot be used effectively for regression prediction. If the epoch is too
large, the weight update time in the neural network will increase and the fitting curve will overfit,
resulting in a good fit for the training dataset and a poor fit for the test dataset. Therefore, it is
necessary to choose a better batch_size and epoch to minimize the loss function. After multiple
trainings, the epoch and batch_size are set to 60 and 6, respectively.

4. Experiment and Discussion

To verify the positioning performance of the proposed method, a better fingerprint data
construction method based on 5G sensor is first selected, and then the geomagnetic sensor data is
further coupled. Field tests are conducted in indoor scenarios.

The equipment used in the experiment is shown in Table 1. The device used for geomagnetic
acquisition is Wit-motion, and the sampling frequency is set to 100 Hz and the magnetic field
accuracy is 1mg, 5G The sampling frequency and accuracy of existing geomagnetic collection apps
based on smartphones can achieve the accuracy of this device, such as Physics Tools

Table 1. The experimental equipment used in the experiment.

Name Type Parameter

Wit-motion HWT901B- Output frequency: 100 Hz

Magnetometer
232 Accuracy: 1 mg
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Output frequency: 50 Hz
5G Receiver LWB210XT Sub-carriers: 60

Antenna number: 1

To verify the feasibility of the proposed method, we chose to conduct the relevant experiment
in a typical meeting room scenario, the conference room is 12 m long and 9 m wide. The experimental
scene is shown in Figure 5, in which Figure 5a is the simplified diagram and Figure 5b is the actual
diagram.

.
A A A A A A A A A A A2

e © o o o o e o o e o e o
A A A A A A A A A A A

(a) (b)

Figure 5. Conference room. (a) Experimental approaches. (b) Scenario photograph. The circular points
are the sampling points, the triangular points are the points to be located, and a total of 56 training
points and 28 test points are selected. The middle is the AP at the transmitter end. A conference table
is placed in the center of the room, and tables and chairs are placed around the room (grey shaded
parts).

4.1. Determination of Data Sampling Time and Positioning Time Using 5G Base Station

The uniqueness of location fingerprint and the effectiveness of real-time positioning are the
important indicators for evaluating the fingerprint positioning algorithms. To obtain abundant and
unique location fingerprint information, more signal features are usually measured by spending
observation time. However, it is often difficult to observe continuously for a long time in the actual
practice. Therefore, how to effectively balance positioning accuracy and timeliness is of critically
importance. To provide a reliable way to construct fingerprint data, this study designed a data
collection frequency experiment. Firstly, fingerprint data collection points are evenly set in the
meeting room. Five groups of data are collected at each point, and the collection time is 1s, 2s, 3s, 4s,
and 5s, respectively. Then, test points are set outside the fingerprint collection points, and the test
points are evenly distributed in the meeting room. Considering that pedestrians pass a certain point
in a short time during dynamic positioning, the positioning time is set to 0.2 s, and there are a total
of 5 positioning schemes when combined.

Figure 6 shows the cumulative distribution function (CDF) of the positioning errors using
different approaches. It can be seen that as the sampling time of fingerprint data increases, the overall
positioning accuracy gradually improves. With the sampling time as 3 s or longer, the percentage of
positioning error within 2 m increases, and the maximum error decreases, hence the positioning
result is more stable. On the condition of 5 s sampling time, the maximum positioning error is the
smallest, and the average positioning error is the best. Since the positioning time is 0.2s, the train
dataset with longer sampling time can be divided into more training sub datasets, and hence the
model with stronger robustness and fitting ability can be obtained.
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Figure 6. The CDFs of the cumulative distribution of errors in indoor offices (The vertical is the
cumulative distribution of errors, and the horizontal is the error).

Table 2 further lists the statistical results using the five schemes. When the sampling time is
increased from 1s to 3 s, the probability of error distribution within 2 m increases from 0.53 to 0.714,
and the average positioning error decreases from 2.31 m to 1.83 m, with an improvement of
approximately 20.7%. When the sampling time increases from 3 s to 5 s, the probability of error
distribution within 2 m increases from 0.714 to 0.75, and the average positioning error decreases from
1.83 meters to 1.63 m. Although the positioning results have been improved by 10.9%, the time of
fingerprint sampling is nearly doubled, which greatly improves the workload when updating the
fingerprint database in the later stage, and increases the subsequent maintenance cost of fingerprint

database.
Table 2. Statistical errors of different combinations.
Sampling Positioning Mean Maximum Minimum
Error <2m
time time error error error %)
o

(s) (s) (m) (m) (m)
1 0.2 2.31 6.25 0.16 53.6
2 0.2 2.20 5.81 0.04 57.1
3 0.2 1.83 4.62 0.17 71.4
4 0.2 1.71 4.31 0.02 71.4
5 0.2 1.63 3.48 0.08 75.0

Additionally, the experiment with 5s sampling time and 1s positioning time was further carried.
Figure 7 shows the CDFs of the experiment with 5s sampling time and 1s positioning time and the
experiment with 3s sampling time and 0.2s positioning time. It can be seen that the positioning results
of the two schemes are very close. The maximum positioning error caused by misalignment with 5s
sampling time and 1s positioning time is slightly larger, and the possible reason is that the 0.2 s
positioning time contains fewer feature values, and the similarity between some points is relatively
higher, making it difficult to effectively distinguish and match. However, the probability of error
distribution within 2 m is higher than that of using 5s sampling time and 1s positioning time.
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Figure 7. The CDFs of the experiment with 5s sampling time and 1s positioning time and the
experiment with 3s sampling time and 0.2s positioning time.

Table 3 further shows the average, maximum, and minimum positioning errors under different
conditions. It can be concluded that the positioning performance of the two scheme is basically the
same. Therefore, taking the positioning accuracy and time consumption into consideration, a
sampling time of 3 s and a positioning time of 0.2s are utilized to construct fingerprint data.

Table 3. Positioning errors of the experiment with 5s sampling time and 1s positioning time and the
experiment with 3s sampling time and 0.2s positioning time.

Sampling Positioning Mean Maximum Minimum
. . Error <2m
time time error error error
(%)
(s) (s) (m) (m) (m)
3 0.2 1.83 4.62 0.17 71.4
5 1 1.80 3.78 0.28 60.7

4.2. Evaluation of Positioning Performance Using 5G, Magnetometer, and Tightly Coupled Method

Using the determined data sampling time and positioning time, the positioning performances
of 5G positioning, geomagnetic positioning, and tightly coupled positioning of 5G and geomagnetic
were evaluated. Additionally, the multi-input CNN algorithm and the single-input CNN algorithm
were also compared. Figure 8 shows the CDFs using different mode. It can be seen that

(1) Using the 5G positioning mode, the positioning errors are mostly within 3 m, but there are
individual points with larger errors. The possible reasons can be attributed to the long distance from
the receiving end to the transmitting end, since the surrounding environment is relatively complex,
the signal propagation is affected.

(2) Using the geomagnetic positioning mode, the positioning errors are distributed within 3m,
and the maximum positioning error exceeds 6m, which has a great impact on the overall positioning
result. This is because the spatial resolution of the geomagnetic field is not high. When the positioning
area becomes larger, the geomagnetic data of some points are very similar, which cannot effectively
distinguish the mismatching situation.

(3) For the 5G fusion geomagnetic positioning mode, the overall error is reduced compared to
5G single base station, and the positioning errors are mostly within 2 m, which is about 6% higher
than the precision of 5G single base station positioning and has been improved to some extent, the
maximum positioning error is also optimized due to the influence of geomagnetic data. In the fusion
of 5G and geomagnetic data, if a traditional single-input CNN algorithm is used, the maximum
positioning error is slightly reduced, but the overall improvement is not significant. This is because
after combining the two types of data and then using the same convolutional network to extract data
features, it is impossible to extract the features of these two data with different dimensions and
different nature. However, the multi-input CNN algorithm performs is a fusion at the final
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positioning level, and the characteristics of the data itself have been fully considered in the pre-
convolutional operation, the overall positioning error of multi-input CNN is 1.41 m, and the overall
positioning accuracy has been improved by about 22.9%. In addition, by adding geomagnetic data, it
has a certain correcting effect on the positioning results, which can make up for the shortcomings of
a single sensor. This is because the geomagnetic data is not affected by the propagation path and can
still give a stable position output even in complex environments, but the overall positioning accuracy
is not high due to the magnitude of geomagnetic changes and the accuracy of sensor measurements.

09
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56
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01r Single input 5G/geomagnetic

. . . Multi-input 5G/geomagnetic

0 1 2 3 4 5 6 7
Error(m)

Figure 8. The CDFs of the 5G positioning, geomagnetic positioning, multi-input 5G and geomagnetic
positioning, single-input 5G and geomagnetic positioning.

Table 4 further shows the statistical results of different positioning modes. The average
positioning errors of 5G positioning, geomagnetic positioning, multi-input 5G and geomagnetic
positioning, single-input 5G and geomagnetic positioning are 1.83 m, 2.15 m, 1.72 m and 1.41m,
respectively. Among which, the multi-input 5G and geomagnetic positioning shows the best
performance.

Table 4. Positioning errors of different positioning methods.

Mean error Maximum error  Minimum error Error <2m
Positioning Mode .
(m) (m) (m) (%)
5G positioning 1.83 4.62 0.17 71.4
Geomagnetic positioning 2.15 6.41 0.13 57.1
Single input 5G and
1.72 5.74 0.14 75.0
geomagnetic positioning
Multi-input 5G and
1.41 4.81 0.19 78.6

geomagnetic positioning

5. Conclusions

We propose a multi-sensor data fusion positioning method based on multi-input CNN model
by utilizing the respective benefits of 5G CSI and geomagnetic strength localization methods in
response to the issue that traditional location fingerprint algorithms cannot effectively solve the
problem of data fusion failure due to inconsistent data formats of different sensors and the large
positioning errors of a single sensor. The experimental findings demonstrate that the multi-input
CNN algorithm performs better than the single-input CNN strategy. The fused method's total
location accuracy in indoor conference rooms has increased by roughly 22.9% when compared to a
5G single base station. The approach we used can increase indoor localization accuracy.

Therefore, the conclusions of this article are as follows:
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1. The balance experiment of positioning accuracy and positioning timeliness shows that the
sampling time of offline fingerprint data can be appropriately extended to improve positioning
accuracy when indoor positioning is performed.

2. Increasing sensors can improve the richness of fingerprint data and thus improve positioning
accuracy in indoor positioning.

3. For multi-sensor fusion positioning, different networks can be set according to different data
types using multi-input CNN to improve the model's feature extraction capabilities.

4. In the application process, low-cost geomagnetic sensors are fused with 5G for indoor
positioning and the positioning accuracy can meet the needs of most indoor scenarios without
increasing the positioning cost.

The localization strategy based on the fusion of 5G CSI and geomagnetic field intensity described
in this article enhances the localization results to a certain extent, and the cost of the used geomagnetic
sensor is low, which has good promotion ability for indoor localization. However, there are still
deficiencies when choosing parameters for the network training process, such as training batches,
etc. To speed up the parameter selection process, optimization functions will be added to the network
as a whole in next work. Additionally, the localization method used in this article makes single-point
capture more labor-intensive. As a result, continuous sampling will be taken into consideration in the
future, and the raw data generated from continuous observation will be processed for noise
reduction. Unmanned vehicles will thus be employed in future work as platforms to accomplish
continual positioning.
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