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Abstract

®

CrossMark

Multi-sensor fusion is the main means of smartphone positioning in urban environments, among
which the integration of global navigation satellite system (GNSS) and inertial measurement
unit (IMU) has been widely studied. The traditional Kalman filter algorithm has the problem of
difficult equation reconstruction when a sensor fails, the factor graph model is used to improve
this problem. In addition, GNSS signals are easily affected by environmental interference, and

INS has the problem of error accumulation. Therefore, this paper introduces fifth-generation
(5G) unit vector observation information into the model, proposes a GNSS/IMU/5G fusion
positioning algorithm based on factor graph, and verifies the model performance through
multiple groups of dynamic experiments. Experiments show that compared with the traditional
Kalman filter algorithm, the fusion algorithm based on factor graph has better performance.
After adding the 5G factor, the positioning accuracy of the experimental equipment is improved
by more than 25%, and the positioning accuracy inside the tunnel is kept within 5 m. The
proposed algorithm effectively improves the stability and continuity of the positioning results in

the urban environment.

Keywords: smartphone, factor graph, 5G, fusion positioning

1. Introduction

Global navigation satellite system (GNSS), as a key techno-
logy for location-based services, is indispensable in the devel-
opment of emerging industries such as intelligent transport-
ation and autonomous driving (Joubert et al 2020). With the
continuous development of miniature and low-cost sensors,
the public’s requirements for navigation services in urban
environments are becoming higher and higher (Zangenehnejad
and Gao 2021). However, limited by the influence of tall build-
ings and trees, relying solely on GNSS cannot meet user needs
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in urban environments. Therefore, finding suitable sensors to
assist GNSS has become the focus of scholars (Elsanhoury
et al 2021, Dawson et al 2022).

The continuous development of low-cost inertial navigation
in recent years has shown its potential in assisting GNSS posi-
tioning in urban environments. The inertial navigation system
(INS) can provide users with position and attitude information
without beacons (Ruiz et al 2011). Researchers compared the
performance of GNSS/INS integrated navigation systems at
different costs. The results showed that low-cost INS sensors
have positioning potential, but their data seems to be pre-
processed and has certain delays and deviations (Marti et al
2014). INS can improve the positioning performance of smart-
phones in urban environments in a short period of time (Luo
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et al 2019, Zangenehnejad and Gao 2021). However, the error
accumulation and noise characteristics of smartphone inertial
measurement unit (IMU) data limit the further improvement
of the accuracy of the GNSS/INS integrated navigation sys-
tem (Zhao et al 2016, Pan et al 2024). The introduction of
external sensors such as UWB (Wang et al 2021), Bluetooth
(Luo et al 2021), and WIFI (Mendonga et al 2020) can solve
the error accumulation problem of INS, but the additional
cost limits its further promotion on smartphones. In recent
years, the fifth-generation (5G) communication system has
attracted widespread attention from researchers due to its large
bandwidth, high frequency and anti-interference characterist-
ics (Shafi et al 2017, Navarro et al 2020).

5G uses large-scale antenna arrays to enhance the accur-
acy of angle and distance measurement, which is of great help
in improving positioning performance (Del Peral-Rosado et al
2017). The number and geometric configuration of 5G BSs
will affect the accuracy and reliability of GNSS/5G fusion pos-
itioning, and the improvement effect introduced by 5G BSs
will be more obvious in environments with more severe satel-
lite signal interference (Li er al 2022). Nevertheless, the intro-
duction of 5G distance observation can only meet the position-
ing requirements of some scenarios. The introduction of 5G
angle measurement can avoid the impact of clock synchron-
ization errors and further improve positioning reliability (Sun
et al 2020). However, the coverage of 5G positioning systems
is limited.

In addition to the selection of sensor types, a suitable pos-
itioning algorithm is equally important for fusion position-
ing. Over the past decades, Kalman filter has been a com-
mon technology for multi-sensor information fusion (Li et al
2021). These filtering methods estimate the best a posteri-
ori result of the state based on the measurements at the cur-
rent epoch and the state at the previous epoch (Cui et al
2019). Practical applications have proven the robustness and
effectiveness of Kalman filtering when the measurement qual-
ity is reasonable and the error noise modeling is appropriate
(Wen et al 2019). However, when some sensor information is
unavailable, Kalman filtering requires complex system recon-
struction and the convergence of the filter will be signific-
antly reduced. Some scholars have experimentally verified the
performance of factor graphs in processing GNSS anomaly
measurements and compared the results with those obtained
using a Kalman filter. The results show that factor graphs can
more effectively weaken the impact of abnormal observations
and have higher computational efficiency (Wen et al 2021).
Considering the uncertainty of GNSS signals in arapidly chan-
ging environment, the introduction of a deep learning model
can reduce the impact of signal changes on the positioning sys-
tem. Meanwhile, further optimization through factor graphs
can provide a more reliable solution based on historical data.
(Li et al 2023). Furthermore, the use of 3D map data can
improve GNSS positioning, and factor graph optimization can
maintain positioning in occluded environments (Zhang et al
2020). However, in the process of factor graph model construc-
tion, appropriate factor selection is equally important for the

performance of the model, and redundant factors will lead to
a decrease in the computational efficiency of the model.

To address the challenges of GNSS signal degradation
and IMU error accumulation in urban environments, as well
as the difficulty in reconstructing the Kalman filter model
when a sensor fails. This article proposes a GNSS/IMU/5G
fusion positioning algorithm based on factor graph to fur-
ther improve the positioning reliability in urban environ-
ments, which we validate through experiments. Section
Methodology introduces the proposed fusion positioning
algorithm. Section experiment results and discussion evalu-
ates the performance of the proposed model through experi-
ments. Finally, Section Conclusion presents and discusses the
future work.

2. Methodology

2.1. Factor graph optimization

Factor graph is a model that uses graphs to represent the prob-
abilistic dependencies of different variables. It decomposes a
multivariable global function into a product of several local
functions, thereby reducing the complexity (Kschischang ef al
1998). In recent years, factor graph has been widely used in
multi-source information fusion positioning due to their strong
compatibility with different sensor data. A factor graph con-
sists of nodes and edges, where nodes represent states to be
solved and edges represent local functions associated with
variables. According to the Markov hypothesis, the decompos-
ition can be expressed as (Loeliger 2004):

g(X):g('xlvx27"'axl1):Hf(xi) (1)
i=1

where X represents state variables, x; represents the variable
node, and g (-) is the joint probability density function, which
is the product of multiple local functions f(-). The purpose
of multi-source information fusion positioning is to estim-
ate the optimal state of the carrier during the entire naviga-
tion period, that is, the maximum a posteriori (MAP) estima-
tion. Assuming that each sensor is independent of each other,
according to the Bayesian formula, when the state and obser-
vation value are given, MAP can be expressed as (Barfoot
2017):

p(ZX)p(X)

vz @

Xmap = argmax p (X|Z) = argmax
X X

where Z denotes the measurements of sensors, p(X) denotes
the prior probability density function, p(Z) denotes the probab-
ility density function of the measured value and does not affect
the state estimation. For real-time positioning, the estimated
value of the current state can only be derived from the obser-
vations and states of the previous epoch. The multi-source
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information fusion system can be expressed as (Xin et al
2024):

P (Zi|Xe) = Hp(zllxz)

i=1

p(zl7"'7zk|xla" X )

P (Xx) =p(x0,x1,...

k
Xmap = argmaxp (xo) [ ]
e 4

where x;, z represent the system state and the measurements at
epoch k. The above formula is consistent with the factor graph
marginal function formula in form and the MAP problem can
be decomposed into:

Xmap = arg)r(nax Hﬁ (x:) %)

where f;(x;) is a factor related with measurements. For each
factor, it is related to the error function corresponding to the
sensor measurement in the factor graph-based framework. The
optimization of the state is to minimize the error function. The
relationship between the error function and the factor can be
expressed as follows (Frey et al 1997):

fj ()Ci) = d(err,» (x,-,z,-)) (5)
where err;(x;,z;) is the error function and d(-) is the cost func-
tion. Since the measurement equation of each sensor ulti-
mately calculates the residual between the predicted value
hi(x;) and the measured value z;, it can be expressed as
err;(x;,z;) = h(x;) — z;. h(-) represents the observation func-
tion associated with measurements. The cost function repres-
ents the proportional relationship between the negative logar-
ithm of f;(x;) and the error function. Therefore, the smaller the
error function, the larger f;(x;). The MAP estimation problem
of factor graph optimization is transformed into a nonlinear
least squares problem (Suzuki 2020):

—zlls, - ©)

Xmap = argminz [172; (x:)
X ,
The graphical structure of the GNSS/IMU/5G loose coup-
ling using factor graph proposed in this paper is shown in
figure 1.

2.2. GNSS factor

The measurement model of GNSS can be written as (Wen et al
2021):

Zn — hGNSS (Xk) + Ek (7)
where Z} represents the measured position in the navigation
coordinate frame estimated by the GNSS receiver and the ¢

represents the noise related to the measurements. The observa-
tion function A9NSS(.) describes the relationship between the

observation Z and the state X; at the kX epoch. For a given
GNSS measurement, the error function can be described as
follows:

H ey GNSS ||ZCN§§ — Hzn hGNSS Xk H ZGNSG (8)

where ZGNS represents covariance matrix (Wen et al 2021).

2.3. IMU factor

Nowadays, most low-cost device chips are equipped with
micro-electromechanical system components, among which
the IMU components can output three-axis angular velo-
city and three-axis acceleration, providing the posture change
between adjacent epochs. The measurement is expressed as
follows:

ZIMU

hIMU (pk lapkaflf,wk) + €k (9)

where ZMY = [ p} Vi 4} b, b, ]which represents
the position, velocity, posture, gyroscope bias and acceler-
ometer bias respectively. p; represents the position of the
carrier coordinate system relative to the navigation coordin-
ate system, and the same applies to the velocity and posture.
f?,w" represent the specific force and gyroscope acceleration
in the carrier coordinate system. To avoid repeated calcula-
tions during the optimization process, we adopt the IMU pre-
integration method to integrate the IMU data during the obser-
vation period and obtain the carrier state change. The error
function can be described as follows:

e i = 124 =B (o poff) [ 10)

2.4. 5G factor

The 5G factor can provide the system with loca-
tion information in scenarios where GNSS is lim-
ited. The traditional AOD model can be expressed
as 0; = arccos((pue — pss.i)z/ ||Ps.i — puel|), i = arctan

((pue — pss,i)y/ (Pue — pas,i)x)-To reduce the impact of non-
linear errors, we use the 5G unit vector observation model,

and the observation equation is expressed as:

U = (PUE —PBS,i) / HpBS,i _pUEH
cos ; sin §;
ZzG =p° (ke u;) = o '
u; = | sina;cosb;
cosb;
(11

where u; denotes the unit vector, pgs ;, pyr indicate the position
of base station (BS) and user, i indicates the BS identification
number. §, « represent elevation and azimuth respectively. The
error function is as follows:

ez = 122 =17 (s (12)

||Esa
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Figure 1. The proposed graph structure of GNSS/IMU/5G loosely coupled integration based on factor graph.

Three factors are formulated to optimize the factor graph,
including the GNSS factor, the IMU factor and the 5G factor.
And the optimal state set X* can be expressed as:

&l )
P

2 2
. . GNSS MU
X* = argmin E{ (Hek Hzgxss + Hek HZ'kMU + H
(13)

We use the nonlinear solver GTSAM to solve the optimiz-
ation problem (Dellaert 2012).

In the experimental verification part, we will first analyze
the smartphone IMU data to reveal its data characteristics, and
compare the performance of the 5G traditional AOD model
and the unit vector model under different data quality condi-
tions through simulation experiments. Secondly, two dynamic
experimental routes are used to prove the superiority of the
proposed method. The first route is located in the Jiulong
Lake Campus of Southeast University, and the purpose of the
experiment is to prove the advantages of factor graphs over
Kalman filtering for GNSS/INS combined positioning sys-
tems. The second experimental route is located in the urban
area of Nanjing, and the purpose is to reflect the performance
of the GNSS/IMU/5G fusion positioning algorithm based on
factor graphs after adding the 5G factor.

3. Experiment results and discussion

The GNSS and IMU observation dataset were collected by
HUAWEI P40, HUAWEI Mate40 and Redmi K50. The GNSS
signal frequency bands supported by smartphones are shown
in table 1. The collected data are preprocessed using self-
written software with a cutoff elevation angle of 10° and a
carrier-to-noise ratio threshold of 25 Db Hz. And the dual-
frequency observation difference method is used to eliminate
the observations with obvious gross errors, the threshold is set

to 30 m based on the experiment. In addition, the GNSS obser-
vations acquired by the smartphone also include the uncer-
tainty of the satellite launch time. The software uses this para-
meter for data screening, with the threshold set to 500 ns to
eliminate observations of extremely poor quality. Since the
user’s elevation changes are small when driving in an urban
environment, only the plane position is analyzed.

In the 5G algorithm section, NYUSIM software is used to
simulate 5G observation data. First, the Cramer—Rao lower
bound (CRLB) is used to prove the feasibility of the 5G unit
vector model, and then the positioning test is carried out using
observation of different qualities to compare the performance
difference between the 5G traditional AOD model and the 5G
unit vector model.

The first group of dynamic tests is conducted at the
Jiulonghu Campus of Southeast University. The positioning
model used is the RTK positioning model, the sampling fre-
quency is 1 Hz, the data cutoff elevation angle is 10°, and the
direct distance between the user receiver and the base station is
less than 2 km. A high-precision geodetic receiver is used for
benchmark collection to ensure the accuracy of the reference
route.

The second group of dynamic experimental routes is loc-
ated in the urban area of Nanjing. The observation environ-
ment is complex, and it is impossible to obtain an accurate ref-
erence path by relying solely on the geodetic receiver. We use
the high-precision strapdown IMU-ISA-100 C-A to assist the
geodetic receiver for benchmark collection. Combined with
inertial navigation software for post-processing, it can provide
high-precision positioning results.

3.1 IMU data analysis

IMU can provide data support for inertial navigation-aided
GNSS. After the carrier’s position and velocity information
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Table 1. Smartphone support for GNSS raw measurements.
GPS Galileo BDS GLONASS
Equipment ID L1 L5 E1l E5a B1l BIC B2a Gl
HUAWEI P40 (Kirin 990) HP40 pPL PL PL PL PL L L P
HUAWEI Mate40 (Kirin 9000) HM40 P/L PL PL PL PL P P P
Redmi K50 (Dimensity 8100) RKS50 PL PL PL PL PL P/L P/L P/L

Note: P and L represent pseudorange and carrier observation respectively, and the sampling rate of each device is 1 Hz.
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Figure 2. Experimental equipment linear acceleration time series.
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Figure 3. Experimental equipment angular velocity time observation sequence.

is pre-calibrated, the IMU information is used for projection
transformation and numerical integration to update the posi-
tion information. Since low-cost equipment has large observa-
tion noise and direct use has the problem of rapid divergence,
the linear acceleration and angular velocity of the IMU data of
the three experimental devices are first analyzed.

Linear acceleration is the acceleration after deducting the
influence of gravity, which can reflect the movement of the
device. The measured value in a static state is noise. Figure 2

shows the time series of the three-axis linear acceleration of
the HP40, HM40 and RK50 smartphones. It can be seen that
the linear acceleration noise of the three experimental devices
all show obvious stratification phenomenon, and the overall
distribution is Gaussian white noise. Among them, the linear
acceleration zero bias in the Z direction is the most obvious
and the zero bias of different devices is different.

The angular velocity information reflects the change of atti-
tude. As can be seen from figure 3, the angular velocity attitude
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Table 2. Statistical results of IMU static data noise of experimental equipment.

Mean Standard Deviation
Equipment Data X Y Z X Y Z
HP40 Acc(ms™2)  3.1x1073 1.6x107* —9.8x1072 89x1072 8.7x107% 1.0x1072
Gyr(rads™1)  42x107%  —2.1x107% -1.5x107% 6.1x107* 4.9x107* 3.5%x107*
HM40 Acc(ms™2) —24x107 22x107%  1.1x107' 93x1073 92x1073 8.3x1073
Gyr(rads™")  27x1077  -12x107°% —7.6x1077 4.6x107* 49x10™* 3.5%x107*
RK50 Acc(ms™?)  -1.1x1073 14x107%  39x107% 1.0x1072 1.1x1072 9.2x1073
Gyr(rads™!)  3.7x107%  —13x1075 —74x107% 59x107* 6.6x107* 6.7x107*
AOA Power Spectral Density AOD Power Spectral Density
[ -102dBm
[ -102dBm -95dBm
-95dBm -87dBm
-87dBm

Figure 4. Schematic diagram of the omnidirectional power spectrum of AOA/AOD LOS signals generated by NYUSIM.

noise is also Gaussian white noise, and the mean is closer to
0. However, it is worth noting that the three-axis angular velo-
cities of HP40 and HM40 do not show obvious stratification,
and the trend of the three-axis angular velocities is similar. The
angular velocity observations of RK50 are abnormal in some
epochs and after the abnormal data are removed, the obser-
vation results show obvious stratification. Differences in chip
performance lead to this phenomenon.

Table 2 summarizes the mean and standard deviation (STD)
of the IMU data. It can be seen that the linear acceleration noise
of the three experimental devices is large and exhibits similar
characteristics. The angular velocity noise is small, and the
noise levels of the three axes are close. The linear acceleration
and angular velocity mean can be approximated as zero bias,
and the corresponding zero bias needs to be subtracted before
subsequent use.

3.2. 5G data simulation and unit vector model performance
analysis

During 5G signal transmission, the channel state will con-
tinue to change as the propagation distance increases. To more
accurately simulate 5G signals in obstruction scenarios, we
use the NYUSIM open source channel simulator developed
by New York University to simulate 5G signals (Poddar er al
2023). The simulator generates channel impulse responses
in time and space based on the signal transmission model,

providing users with signal measurements in typical scen-
arios such as urban micro-cells, urban macro-cells, and indoor
factories.

Figure 4 shows the omnidirectional signal power diagram
of the 5G AOA/AQOD signal generated by simulation. In wire-
less communications, 5G signals may be transmitted from dif-
ferent directions via many different paths to reach the receiver.
The blue line in the figure represents the signal reception angle,
and the red, purple, and yellow lines represent different sig-
nal strength areas. Among these signals, the signal with the
highest power is usually regarded as the LOS signal, which
has the smallest path loss. Considering that AOA observations
are affected by user posture, we use 5G AOD signals for pos-
itioning experiments.

CRLB is a theoretical limit for measuring parameter estim-
ation performance. It proposes a theoretical lower limit for
parameter estimation problems (Ho et al 2007). First, a model
positioning experiment based on CRLB is conducted for the
5G unit vector model. The purpose is to verify that compared
with the 5G AOD model, the unit vector model has a lower
degree of nonlinearity and is less affected by linearization
eITors.

The BSs we deployed are based on the outdoor environment
simulation method in the 5G positioning research in 3GPP
Release 16 (Giordani et al 2018). The simulation scene range
is 100 * 100 m, and the positioning points are randomly distrib-
uted in the scene covered by the base station. To qualitatively
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compare the performance of AOD and the proposed unit vec-
tor method, the STD of AOD angle measurement is denoted
as, ranging from 0° to 10°, with an increment of 1°, and the
theoretical boundary CRLB is analyzed. To ensure the stability
and credibility of the experimental results, 1000 observations
are produced in each experiment. And we use the least squares
method to estimate the parameters.

Figure 5 shows the root mean square error (RMSE) of
the plane positioning result of the two models. Meanwhile,
the results are compared with CRLB. The purple, blue, and
orange segments represent the variations of the CRLB, the
AOD model and the unit vector model RMSE with STD obser-
vation. It can be clearly seen that CRLB represents the theor-
etical lower limit that can be reached under the current cir-
cumstances. As the STD of angle measurement increases, the
positioning error gradually increases. The positioning errors

of the AOD model and the unit vector model are both greater
than the CRLB lower limit. Notably, the unit vector model
shows slightly superior localization performance under differ-
ent conditions.

To simulate 5G angle observation data in urban environ-
ment and highlight the difference between the two models in
positioning results, figure 6 shows a boxplot comparison of
1000 random observations at o, =1°. It can be concluded from
figure 6 that the average positioning errors of unit vector is
1.96 m, which is 6.61% lower than that of the AOD model.
Moreover, the positioning results of the unit vector model are
more concentrated.

The above analysis shows that compared with the tradi-
tional AOD model, the unit vector model has better positioning
accuracy and stability. In the subsequent fusion experiment,
the 5G positioning part will adopt the unit vector model.
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Figure 7. HP40 trajectories of different fusion algorithms (left) and the plane point errors (right).
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3.3. GNSS/IMU/5G fusion algorithm based on factor graph

To highlight the feasibility of the proposed fusion algorithm,
we first compare two fusion algorithms: a) using GNSS and
IMU data and performing parameter estimation through the
EKF method; b) using GNSS and IMU data and perform-
ing parameter estimation through factor graphs; The GNSS
observation dataset were collected at the Southeast University
Jiulonghu Campus on Day 145 of 2024.

Figure 7 presents the trajectories and plane position-
ing errors of HP40 smartphone under two different fusion
algorithms. The blue line represents the baseline route, and
some sections of the route pass through areas blocked by
trees and tall buildings. The orange and purple line represent
the Kalman filter-based algorithm and the factor graph-based
algorithm, respectively. It can be seen that both algorithms
can maintain high positioning accuracy in open environ-
ment. The positioning error of most epochs is kept within
1 m, and the average positioning error of the factor graph-
based algorithm is 0.93 m, which is an improvement of more
than 20% compared with the result based on the Kalman
filter. Moreover, the results on the left panel of figure 7
show that in areas where the signal is blocked, the max-
imum positioning error of the Kalman filter-based is close
to 5 m. The factor graph-based algorithm can improve the
positioning effect to a certain extent, there is still room for
improvement.

Figure 8 shows the plane error of HM40 and RK50, which
indicates that the factor graph-based fusion algorithm still
shows better positioning performance on different devices.
However, in areas with severe signal blocking, the position-
ing effect is also not ideal. Based on the above analysis, we
consider introducing 5G information-assisted positioning and
conduct vehicle-mounted experiments in Nanjing to test the
performance of the algorithm.

Figure 9 represents the test reference route and collec-
tion equipment in urban environment, and the route covers
scenes such as open, signal blocked, and GNSS failure scenes.
Among them, the open scene is the main road in the city,
and the observation conditions are good. The blocked scene
is a mixed scene such as tree-lined roads and tall buildings.
Some routes are affected by buildings such as overpasses
and elevated roads. The GNSS failure scene mainly refers
to the area inside the tunnel where the GNSS signal cannot
reach, which tests the reliability and robustness of the posi-
tioning algorithm. Since the accuracy of the factor graph-based
GNSS/IMU fusion algorithm can meet user requirements in
open environments, this paper only analyzes the positioning
results in occlusion scenes and inside tunnels.

The left panel of figure 10 shows the positioning effects
of the GNSS/IMU/5G fusion positioning model based on the
factor graph in the occlusion scene. The red line indicates the
reference route, and the blue, yellow, and green lines repres-
ent the graph optimization results of the three experimental
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devices HP40, HM40, and RK50, respectively. It can be seen
that the graph optimization results and the route are still highly
consistent when the GNSS is interfered with. To further ana-
lyze the performance of the model after the introduction of the
5G factor, the graph optimization results of GNSS/IMU/5G
are compared with those of GNSS/IMU, as shown in the right
panel of figure 10.

It can be concluded that after the introduction of the 5G
factor, the stability and accuracy of the positioning results of
the three smartphones have been significantly improved. The
maximum position error of HP40 dropped from 2.639 m to
1.650 m, an improvement of more than 35%, and the average
position error also dropped from 0.913 m to 0.685 m. The aver-
age positioning errors of the HM40 and RK50 smartphones

also decreased from 0.742 m and 0.852 m to 0.501 m and
0.593 m, respectively, an improvement of 32.5% and 30.4%.

Since GNSS signals are unavailable inside the tunnel and
there is an error accumulation problem when relying solely
on IMU positioning, we only analyze the deviation between
the 5G/IMU graph optimization results and the reference route
inside the tunnel in figure 11. The length of the experimental
test tunnel is about 400 m. HP40 and HM40 can still maintain
positioning continuity inside the tunnel, while RK50 shows a
certain degree of drift, which is related to the difference in
IMU data quality caused by different chip types. The pos-
itioning accuracy of HP40 and HM40 inside the tunnel is
3.671 m and 4.122 m, while the positioning accuracy of RK50
is 4.883 m.
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4. Conclusion

To improve the accuracy of smartphone navigation solutions in
urban scenarios, we propose a GNSS/IMU/5G fusion position-
ing algorithm based on factor graph and verify its performance
through experiments. We yield several key findings, which are
summarized as follows:

1) We conducted a comprehensive analysis of smartphone
IMU data and identified significant zero-bias issues across
various devices. This finding underscores the necessity of
implementing bias correction mechanisms to ensure the
reliability of IMU data in subsequent applications.

2) To reduce the impact of GNSS signal attenuation and IMU
error accumulation in urban environments, we introduced
the 5G unit vector model to assist positioning. Compared
with the traditional AOD model, the unit vector model has
lower nonlinearity and more reliable positioning accuracy
and stability.

3) We developed a GNSS/IMU/5G fusion position-
ing algorithm utilizing a factor graph framework.
Comparative experiments with traditional Kalman filter-
based approaches demonstrate that the factor graph
algorithm exhibits superior performance in terms of inform-
ation fusion, leading to enhanced positioning continuity and
reliability. Experimental results in dynamic urban environ-
ments reveal that the integration of the 5G unit vector
model improves the average positioning accuracy by over
30% across multiple smartphone devices.

In summary, our proposed factor graph-based
GNSS/IMU/5G fusion positioning algorithm has the poten-
tial to provide accurate and robust navigation solutions in
urban environments. Future work will focus on incorporat-
ing additional smartphone sensors, such as barometers and
magnetometers, to further improve positioning performance
in challenging environments like tunnels and indoor spaces.
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