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Abstract

Global navigation satellite system (GNSS) has the characteristics of high-precision position-
ing, which makes it an essential part of mobile terminal positioning. In urban environments,
satellite signals are easily blocked and reflected, which affects the positioning results. In
this case, inertial sensors manufactured by Micro Electromechanical Systems (MEMS) tech-
nology become the key to achieving continuous positioning. Although the integration of a
micro inertial system (MINS) and GNSS provides the continuous output of position infor-
mation, the position error will increase with time. This paper proposes a prediction model
based on an adaptive neuro-fuzzy inference system (ANFIS) and a method to obtain model
parameters. The model takes the position error 6P’ of the carrier system as the output,
and the rejection time (the time when GNSS positioning information remains unavailable),
accelerometer data, and gyroscope data as the model inputs. Aiming at the model parame-
ters, the consequent parameters acquisition method based on the least squares method and
the antecedent parameters acquisition method based on a genetic algorithm are proposed.
When GNSS outages last for 60 s, the maximum value of horizontal positioning error is
reduced by 80% in six outage sections. Therefore, the proposed method in this paper is a
potential method to predict the positioning error of a MINS/GNSS integrated navigation
system.

Keywords: integrated navigation; MINS; ANFIS; error prediction; GNSS outage; least squares

1. Introduction

Under the trend of intelligence, mobile terminals [1,2] such as unmanned aerial vehi-
cles have been widely used, and their accurate positioning is a current research hotspot.
The global navigation satellite positioning system, as a real-time positioning system, is
an indispensable part of mobile terminal positioning systems [3,4]. However, in complex
urban environments, GNSS signals are easily blocked by tall buildings and tunnels [5-7],
resulting in positioning failures. This is detrimental to the positioning of intelligent mobile
terminals. The navigation positioning system composed of inertial sensors is the key to
achieving sustainable positioning when GNSS is denied [7]. With the advancement of
MEMS technology, MEMS sensors have developed rapidly. Among them, MEMS inertial
sensors, due to their low cost, small size, and high precision, have been applied in naviga-
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tion positioning systems of intelligent mobile terminals, such as unmanned aircraft and
unmanned vehicles [8-10].

Currently, in the navigation and positioning of mobile terminals such as low-altitude
aircraft and unmanned vehicles, improving the sustainable positioning accuracy of
the MINS/GNSS integrated system when GNSS outages appear is one of the research
hotspots [7]. Regarding this research, it can be divided into three directions. The first
direction is to improve the measurement accuracy of MEMS inertial sensors. The static
bias, non-orthogonal error, scale factor error, and temperature drift of MEMS inertial sensor
parameters [11-13] are the main factors affecting their measurement accuracy. Among these
error items, calibration methods under constant temperature have been widely studied, and
effective parameters can be obtained. For example, the least squares method and systematic
calibration methods. For the drift error under temperature changes, studies usually take
the calibration results of multi-point constant temperature as the basis and combine fitting
methods and interpolation methods to obtain the drift curve of the parameters. However,
the results of multi-point constant temperature rely on expensive temperature control
turntables. Therefore, for most MEMS inertial sensors, their temperature drift error has not
been estimated and compensated, thus affecting the sustainable positioning accuracy of the
MINS/GNSS integrated system.

The second direction involves adding additional sensors to the integrated system [14],
thereby providing more measurement information. In such studies, the fusion positioning
system assisted by an odometer can provide incremental distance information or forward
speed constraints, effectively reducing the positioning error of the system when GNSS
positioning is unavailable. Research using magnetometers as an aid provides heading
information that can constrain the divergent heading angles. In vehicle navigation and
positioning, visual information is used to calculate the distance and obtain the forward
speed, which constrains the divergent speed of the vehicle, thereby improving the position-
ing accuracy of the vehicle. In these studies, the divergent positioning errors have been
suppressed to a certain extent, but the additional sensors increase the cost of the navigation
and positioning system.

The third direction involves using prediction models to constrain divergent er-
rors [15-19]. Such methods have been studied to some extent; for instance, models with
input and output as P — 6P [18], and prediction models based on ANFIS [6]. These studies
have demonstrated the potential of error prediction, but there are inherent drawbacks, such
as using position errors of the navigation coordinate system as model outputs (the error
increases during turns), and the unclear and incomplete process of parameter acquisition.
Moreover, whether the static bias is pre-compensated in these research results has not
been explained.

After static bias compensation, to address the problem of position divergence of the
MINS/GNSS integrated navigation system when GNSS information is unavailable, this
paper studies a position error prediction model based on ANFIS that uses the position error
of the carrier coordinate system as the model output. In short, the novelties of our work
include a new prediction model with a novel output and an online training method. This
model is effective compared to the results without prediction, and the maximum 2-D error
was reduced by at least 31% (some outage sections were reduced by 90%).

Below, Section 2 will introduce the system model of the integrated navigation system.
In Sections 3 and 4, the model and the method for obtaining the parameters studied in
this paper are respectively introduced. In Section 5, the experiments and the experimental
results are presented. Finally, the research summary is given in Section 6.
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2. MINS/GNSS Integrated Navigation System

Currently, the fusion methods of MINS and GNSS information mainly include two
types: tight integration involving the hardware of GNSS receivers and ultra-tight integra-
tion [14], as well as loose coupling [15] that does not involve the hardware of the receivers.
Among them, loose coupling is more easily portable and has been widely studied. In
loose coupling systems, there are two directions: position information fusion and position-
velocity information fusion. In this paper, the integrated navigation system is a loose
coupling system that fuses the position information of the GNSS receiver with MINS.

The MINS/GNSS integrated navigation system is based on the error equations of the
inertial system (attitude error, velocity error, and position error) and takes the position error
(the result of subtracting the MINS-calculated position from the GNSS position information)
as the measurement to construct the system equation and the measurement equation [17,19],
as shown in the following formulas:

¢ = —wl, x ¢ — Clowh, + dw', 1)

60" = Cloff + CIf x ¢ — 2w + wll,) X v+ ?
" x (20w, + dw},) + 08"

5¥" = For" + 60" 3)

In the above equations, ¢ represents the attitude error of the MIMU, Jv" represents
the velocity error of the navigation system, and J#" represents the position error of the
navigation system. (5wl-bh is the dynamic error of the gyroscope (after removing the static
bias), and 6 f? is the dynamic error of the accelerometer (also after removing the static bias).
These errors collectively constitute the 15-dimensional state in the system equation. During
the state estimation, discrete Kalman filtering is applied as follows:

Xisk—1 = Pijk—1Xk-1 (4)

Pijio1 = Prsk1Pr 1P + T 1 Qeli )
Ki = Py H] (HiPy/i 1 Hf +Ry) (6)
X = Xi/k—1 + Ki(Zy — HiXix-1) )

Py = (I — KyHy) Py (8)

where Z; represents the measurement information, which is

Z, =P, (k) - Pgnss(k) )

ms

P, represents the position information output from the MINS, Pg,., represents the

position information from the GNSS receiver. Both are in the navigation coordinate system.

3. ANFIS-Based Prediction Method
3.1. ANFIS Model

As shown in Figure 1, this is the basic structure diagram of an ANFIS based on the
Takagi-Sugeno fuzzy system model. These arrows in Figure 1 represent the direction of
data flow. This ANFIS model is a two-input, three-rule ANFIS model. The ANFIS model is
divided into five layers [20], namely the fuzzy layer, the rule layer, the normalization layer,
the defuzzification layer, and the output layer.

https:/ /doi.org/10.3390/electronics15143117


https://doi.org/10.3390/electronics15143117

Electronics 2026, 15, 3117 4 0f 20

Layer 1 Layer2 Layer3 Layer4 Layer 5

Figure 1. The structure of ANFIS.

Layer 1: Fuzzy Layer

In this model, the first layer contains two input variables, x; and x. Ay, Ay, and A3
are fuzzy sets related to x1. By, By, and B3 are fuzzy sets related to x;. In the fuzzy layer, the
fuzzy operation on the input data is performed. The fuzzy operation is implemented using
membership functions. In this paper, the generalized bell-shaped membership function is
taken as an example. Then, the output after fuzzification of the input data is

{Ol,i = pa,(x1) 1 =123 (10)
O =pg;(x2) j=12,3

Among these, i and j represent the indices of the fuzzy subsets related to the input,
and the generalized bell-shaped membership function is:

() = —— 1)
1+ |:(x251)2:|
g () = ——— 1)

i
where a;, b; and c; are the parameters of the membership function corresponding to the
fuzzy set A;, while aj, b; and ¢; are the parameters of the membership function correspond-
ing to the fuzzy set B;, which are also known as antecedent parameters.

Layer 2: Rule Layer

Based on the Takagi-Sugeno fuzzy model, three if-then rules are designed for the fuzzy
subsets in Figure 1. The specific rules are as follows.

Rule 1: if x1 is Aj and xp is By, then f1 = p1x1 + g1x2 +11;

Rule 2: if x1 is Ay and x; is By, then fo = pax1 + g2x2 + 12;

Rule 3: if x1 is A3 and x; is Bs, then f3 = pax1 + g3xy + 3.

pi, q; and r; (where i = 1, 2, 3) are the result parameters, also known as the consequent
parameters. Then according to the rule, the output of each node in the rule layer is

Oy, = w; = pa,(x)up;(x) (13)

Layer 3: Normalization Layer (Fuzzy Inference Layer)
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Each node in Layer 3 is marked with “N”. It calculates the ratio of the excitation
intensity of each rule to the sum of the excitation intensities of all rules. The calculation

formula is as follows:

w; .
O3 =Wj = — L, j=1,2,3. (14)
Y w;

i=1

Layer 4: Defuzzification Layer

At each node of this layer, there are adaptive nodes with node functions, representing
the output result of each rule. The output of each rule is

O4; = W;f; = Wi(pix1 + qix2 + 1) (15)

Layer 5: Output Layer

This layer sums up the outputs from Layer 4 to obtain the final output, which is

3
y=) Wif; (16)
i=1

In the five-layer structure of ANFIS, the antecedent parameters in the first layer and
the consequent parameters in the fourth layer are variable and are the parameters that need
to be determined.

3.2. The Proposed Model
3.2.1. Output of the Proposed Model

Currently, many similar studies adopt the position error of the navigation system
as the model output. These approaches may cause significant risks, especially when the
cumulative errors over time are used as the model output. As shown in Figure 2 below,
this is a schematic diagram of the position error of a vehicle over a short period.

NorthT

l
) L

Errorin P
position.

Errorin L position.

Figure 2. The diagram of position-error variation in a short time.

After the inertial sensors in the MINS system have been calibrated, the factors that
affect the accuracy of position mainly include the dynamic bias of the gyroscope and
accelerometer, noise caused by high-frequency vibration, and slow random drift. Usually,
the dynamic bias of the gyroscope after calibration can be less than 0.1 °/s. Assuming that
the vehicle travels north at a speed of 60 km/h for 60 s and reaches point P, then turns right
and drives to point L (it takes 60 s as well). If positioning is solely achieved using MINS
during the first 60 s period, then the updated heading using the gyroscope may have a
deviation of 6 degrees (assuming the dynamic uncalibrated bias of the gyroscope is 0.1 °/s).
At this time, assuming that the northward position error of Vp is approximately 5 m, and
the eastward position error is approximately 104 m.

The error Vp generated by the above GNSS outage assumption is typically used for
training. If GNSS is out of service at the second 60 s, then the biases of the inertial sensors
can be considered to remain unchanged for a short period of time. In that case, the position
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errors in the forward direction (Y-axis) and lateral direction (X-axis) at point L will be
similar to those at point P, but in different directions, as shown by the green error vector
V}, in Figure 2.

If the projection of Vp in the navigation coordinate system is used for model training,
then similar prediction errors will be obtained at point L, which neglects the variation in
driving direction and causes huge prediction errors. Therefore, it is a better choice to select
the position errors of the forward direction and the lateral direction as the output of the
model (i.e., the position error of the body-coordinate system). Considering generality, the
model output is the position error of the body coordinate system 5Pib (Is), where i represents
the components of the error vector on the three axes (i = x, y, z).

3.2.2. Details of the Proposed ANFIS Structure

In Section 3.1, Figure 1 shows the ANFIS structure of a Takagi-Sugeno fuzzy system
with two inputs. Based on this structure and the above analysis, the inputs are changed to
four, namely the x-component and y-component of the accelerometer measurement vector
f°, the data of the gyroscope z-axis w?, and the duration of the GNSS outage Is. Taking the
x-axis as an example, the structure of the ANFIS error prediction model for the x-axis of the
carrier coordinate system is shown in Figure 3 below.

input l

Is

Layer 1 Layer 4 Layer 5

Figure 3. The proposed ANFIS model of X-axis error.

The “o” in Figure 3 indicate that similar structures have been omitted. Four input
items are combined to form the vector XANFIS as shown in Formula (17) below.

—~ —~ —~

XANFIS:[fJ;C, oo ZS}T:[% Yy s x4]T (17)

Then, four rules corresponding to this ANFIS structure were designed, as follows.
Rule 1: if x1 is Ay, xp is By, x3 is C; and x4 is Dy, then

fi=piaxi+piaXa+piaxs+praxsatn (18)
Rule 2: if x7 is Ay, x5 is By, x3 is Cp and x4 is D,, then

fo=P21%1+ P22X2+ PasXs+ praxst+r (19)
Rule 3: if x7 is A3, x5 is B3, x3 is C3 and x4 is D3, then

fa=p31%1+ p32X2+pa3zxst p3axetr3 (20)
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Rule 4: if xq is Ay, xp is By, x3 is C4 and x4 is Dy, then

fa = Pag X1+ PapXo+ PasXs+ paaXe+ry (21)

Based on the four rules, four subsets are designed for each input item (such as f?), and
each subset corresponds to a membership function. The membership function here adopts
the generalized bell-shaped membership function. Then, the output of the first layer is

pij(x;) = (22)

In Formula (22), i represents the index of the input item, and j represents the index of
the membership function corresponding to each input item. Then, for each output of the
ANFIS prediction model, there are 16 membership functions, 48 antecedent parameters,
and 20 consequent parameters. After the mapping of the first layer of ANFIS, the outputs
of the second and third layers are

4
Oy = wj = [ [ pij(x) (23)
i=1
_ wj
O3,]‘ = w] = 2 (24)
L w;

The outputs of the fourth and fifth layers of the model are

O4,]' = f] = (pjfl/;l + Pj,ZSC\Z + P]‘,3/3?3 + P4,1,J?4 + 1’]') (25)
b 4
Os =0P) = Zw]f] (26)
j=1

The above is the error prediction model for the b-coordinate system’s x-axis based on
ANFIS, which is a multi-input single-output model. While the prediction model for (5P5 has
the same structure as the P2, only the antecedent parameters and consequent parameters
are different.

3.3. Acquisition of Training Data and Prediction Flow

This paper studies the local short-term error prediction model, which is an online-
created error prediction model. In the MINS/GNSS integrated navigation system, when
the GNSS outage time is short (such as 2 s, 5 s), the absolute positioning error of the
integrated navigation system will not increase too much. This is because during the
vehicle’s maneuvering process, through the Kalman filtering estimation process, most of
the uncalibrated bias errors of the accelerometer and gyroscope have been estimated.

As an online creation and training method for error prediction, the online acquisition
of training data is particularly important. Since the training data is obtained online, the
data volume of the training dataset is limited, and it should be relatively close to the denial
moment of the GNSS. As shown in the following Figure 4, this is a schematic diagram of
obtaining training data during the integrated navigation process.
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GNSS information

, 1 Py V, 6, l p, vV, 0
0,0 Position = © " S Bo Vo 0,
b X e —>» KF estimation —>
A L " | Output position,
velocity, attitude
~ Position N Store the data
ke+j update f; ’fv > k+jo /c+/
k+j a/z+/' I’k’Vk’ek I)k

Figure 4. The schematic diagram of the train data acquisition process.

In Figure 4, assuming the data length is [s seconds, then the training data should

include the pure inertial navigation position Py j, the fused positioning position Pk+ j- the
rejection time series and inertial data from the moment tk to tyigs (e, b, b1, oo s trerls)-

Before integration, a position Pk, velocity Vk and attitude 6 k after a sampling interval were
obtained through position estimation. Then, the calculated results were fused with GNSS
position information for filtering, and the estimated system state X; was obtained. The
state was then compensated for feedback, and the integrated position Py, velocity V; and
attitude 6 were obtained and stored.

After obtaining the fusion position information, if there is no complete training data at
this time, then P, V) and 6, will be sent to another position estimation process (indicated
by the orange arrow in the figure), and used as a new beginning of the pure inertial position
update. The target output 6P?(Is) of the error prediction method can be obtained from the
following Formulas (27) and (28).

~MNn ~Nn
5Pk+; (Pesj — Pryjo1) — (Piyj — Phyj) (27)
j n
Py =Y Chlk+1)- 0P j=1,2,--- s (28)
i=1

As shown in Figure 5 below, this is the time series diagram for the error prediction
method based on ANFIS. Suppose that at time #;, ,;, the GNSS signal is lost, and the loss
lasts for a relatively long time (more than 20 s). Then, the model will be created between
time fy. 1 and time g .

tk tk+l tk+l.s‘ tk+/11 tl\'+/12
| I e o o e oo | e oo LA >
- )L )
LT Y Y
The training Delay  Prediciton
data time stage

Figure 5. The time series of the proposed method.

The “o” in Figure 5 indicate that similar structures have been omitted. In Figure 5, the
delay time is set at 12 s. In practical applications, existing data may be trained by using a
rejection gap that does not exceed 12 s.

4. Parameters Estimation
4.1. Consequent Parameters Estimation Based on LS

In order to realize the prediction function of the proposed model, then the parameters
of each membership function and the consequent parameters in the fourth layer of the
ANFIS structure need to be calculated. According to the basic structure of ANFIS shown in
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https://doi.org/10.3390/electronics15143117

Electronics 2026, 15, 3117

9 of 20

Figure 3, it can be known that the output value of the third layer is related to the model
input. Suppose there are 7 training data vectors X,fNP IS (k = 1,2,---n), after passing
through the first three layers, n vectors with s, dimension (where s, is the number of rules)
can be obtained. Then, the output value of each node in the fourth layer is

fei = (Pi1Xx1+ PiaXka + Pisxes+ piaxpa +17) (29)

In Equation (29), i = 1,2,---,s,. For a set of consequent parameters Pij and r;
(j =1,2,3,4), the output value y; can be obtained.

Sn
Y= Y Wif (30)
i=1

Rewriting the above equation, we can obtain

X'Pr=Y &
wl,'lxi‘ . wl,S'nxT PT Y1 (31)
WpaXy 0 Wns,Xp ps, Yn
where x* and p* are
xj = [ Xi1 Xip Xiz Xig 1 ]/ i=12--n (32)
p] = |:p]-,1 P p].’4 ;f]:| , ] = ]_,2, <8y (33)

Thus, the least squares estimate (LS) of the consequent parameters can be obtained.
. -1
PP =((x)'x] (x)TY (34)

The least squares estimation of the consequent parameters speeds up the optimization
process of the parameters compared to a parameter search algorithm that calculates the
gradients of all parameters. From the estimation Formula (34), it can also be seen that the
least squares estimation value of the consequent parameters depends on the estimation of
the antecedent parameters. Next, the antecedent parameter estimation method based on a
genetic algorithm is introduced.

4.2. Antecedent Parameters Estimation

Rhe genetic algorithm (GA) is an intelligent algorithm that simulates and borrows
the mechanisms of natural selection and genetic evolution in living organisms. It is an
important branch of evolutionary algorithm research. The genetic algorithm converts the
solution to a nonlinear problem into a set of codes, and transforms the solution process into
evolutionary operations such as selection, genetic operations, and mutation of the codes,
thereby finding the solution that meets the requirements.

The main process of genetic algorithms includes population initialization, the calcula-
tion of individual fitness values, selection operations, crossover, and mutation. This process
repeats continuously until parameters that meet the requirements are found. All operations
are performed on the encoded parameter variables. When estimating the antecedent param-
eters of the ANFIS model, the antecedent parameters are arranged in sequence according
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to the input variables to form a one-dimensional column vector X8%, which is called an
“individual” in the population. The specific elements of X&* are

X =[x - Xz]T (35)

p_
X = { C1,i @1,i, b1 Csyis s, irbs, i ] (36)

In Equations (35) and (36), Xf represents the row vector composed of all the parameters
of the membership function corresponding to the i-th input item, and s, represents the
number of membership functions corresponding to the input. To facilitate the description
of the algorithm, the input and output of the ANFIS model will be simply denoted as

y= F(XANFIS/Xga) (37)

Here, X8 represents the vector composed of the proposed model’s antecedent param-
eters. In the following, we will elaborate on the specific process of the genetic algorithm to
obtain the antecedent parameters of the proposed ANFIS model in this section.

1.  Population Initialization

First, based on the type of input parameters, determine the possible range of values for
the parameters. Then, determine the “radius” or width of each element in X8?, and denote
the vector composed of the widths of each element as X3,'. The third step is to determine
the approximate central parameter X; ', and then generate N$ “individuals” according to
Formula (38).

X =X X )

w,]
In Formula (38),i (i = 1,2, - - , N8) represents the individual index, and j represents
the index of the vector component. 7; ; is a random number, and it satisfies 7;; € [~1, 1].
This ensures that each “individual” varies within the range of X§” + Xﬁ,”, and these N¢
“individuals” constitute the initial population. In practice, the population was set to 100.

2. Calculate the individual fitness

Calculate the sum of squared errors (i.e., MSE) between the predicted and target
outputs for each parameter vector as shown in the following formula.

no,_ 2
MSE; = ) (F(xNFIS, X57) — ) (39)
j=1

Then, calculate the fitness value fts for each individual according to the following

formula.
MSE;

MSE;

fts;=1— , i=1,2,---,N8 (40)

M=

j=1

3. Selection process

During this process, the individuals that need to undergo genetic and crossover
operations are determined. First, the individuals are sorted according to their fitness values
from smallest to largest. Then, the individuals are determined as follows based on the
following diagram. 10% of the individuals are used for genetic operations, and 30% of the
individuals are used for crossover operations.
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4.  Genetic process

In order to make the population evolve towards the optimal solution, 10% of the

7

individuals” “genes” are passed on to the first 60% of the individuals, so that they have
excellent “genes”. Here, “genes” refer to the component elements of the parameter vector.
During the genetic process, randomly select the object to be inherited (any one of the 10%
individuals) and pass its “genes” to an individual among the 60% individuals. The “gene”

inheritance formula is as follows

~ga ~ga
Xi (anl) :X] (i?’ldl), i= 1,2,"' ,60 (41)

In this formula, j represents an individual within the 10% group, and it is a randomly
generated index. ind; represents the index corresponding to the “genes” to be inherited.

Here, approximately 60% of the “genes” are randomly inherited.
5. Crossover Process

The crossover process is mainly carried out on the selected 30% of the individuals,
and the “genes” of these individuals are crossed with each other. The crossover formula is
as follows.

~gn ~ga ~ga ~ga
va=X; (indy), X; (indy) = X; (inda), X; (indy) = va (42)

In Formula (42), i represents any individual among the 30% population, j represents
a certain individual (randomly generated) among them, and i # j. ind; is the index
corresponding to the randomly generated crossover “gene”.

6. Mutation Process

The mutation operations are performed on 10% of the individuals with higher fitness.
During the mutation process, parameters X5 and X3, are used to ensure that the newly
generated “genes” do not exceed the parameter range. The mutation formula is as follows:

va = X8" (indz) + 7 - X%, (inds) (43)
~ga
X; (ind3) = va (44)

In Formulas (43) and (44), 7is a diagonal matrix, and the values of its diagonal elements
vary within the range of £1. indj; is the index corresponding to the randomly generated
variant “gene”, and 7 is the index used to iterate through each individual in 10% of the
population.

The above process constitutes the main process of the genetic algorithm in this paper.
During the parameter search process, an iteration termination judgment also needs to
be carried out. Suppose the minimum mean square error of the previous generation
population is M4, and the minimum mean square error of the current population is M.
They need to be compared with each other to determine whether to stop the iteration. The
specific implementation steps are as follows.

Step 1: Calculate the maximum component of ’Xffd — Xﬁﬁw’ and denote it as eyy,;. If
exm < 0.01, terminate the iterative process of the genetic algorithm; otherwise, proceed to
Step 2.

Step 2: If My < Myew, it is not a downward direction. Then, execute X8 = 0.3x8).
Next, perform the genetic, crossover, and mutation operations of the genetic algorithm.
Finally, calculate the fitness value and proceed to Step 1. If M1y > My, it is a downward
direction. Then, proceed to Step 3.

Step 3: My = Muew, Xflad = X%gw. Execute the genetic, crossover, and mutation
operations of the genetic algorithm, then calculate the fitness value, and proceed to Step 1.
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5. Experiments

In order to test the performance of the proposed model in this paper, navigation
experiments were conducted. During the experiments, data from the MEMS inertial
measurement unit (IMU) during the vehicle’s movement, positioning information from
the GNSS receiver, and position information from the reference system were collected. As
shown in Figure 6, this is a photo of the vehicle’s trunk.

Bracing piece | W& B 4
| ;i/" \
% Reference syste

: Al//. £ A
Marble n Power source

Figure 6. Experiment tools and instruments.

In this experiment, the MEMS IMU and the reference system were fixed on a wooden
board, and the wooden board was adhered to a marble platform (25 kg). To prevent the
MEMS IMU from jumping up and down due to vibrations, three bracing pieces were
used to fix the marble platform, as shown in figure. Additionally, the MEMS IMU and
the reference system were almost above the rear axle line. The reference system used
in this experiment is the integrated navigation system CGI-610, which is produced by
Shanghai Huace Navigation Technology Co., Ltd., Shanghai, China. It is a dual-antenna
navigation system and supports Real-Time Kinematic (RTK) information. In the CGI-610
(as shown in Figure 7), the front antenna is used for orientation, and the rear antenna is
used for positioning.

Figure 7. The picture of installation of the antennas.

When the GNSS information is interrupted for 10 s, the horizontal positioning accuracy
can reach 0.2 m, which comes from the URL https://www.huace.cn/technicalParameter/
181 (accessed on 13 July 2026). Therefore, in this experiment, the positioning information
provided by CGI-610 serves as the reference position. The model of the MEMS IMU is the
ADIS16470, and its data characteristics after the vehicle starts are shown in Table 1.
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Table 1. The characteristics of ADIS16470 when the vehicle launched.
X Y Z
Gvroscone ARW (°/+v/h) 0.25 0.79 0.19
y p STD (°/s) 0.043 0.133 0.033
Accel " VRW (ug/+vHz) 663 490 806
ceelerometer STD (m/s?) 0.065 0.048 0.079

The curves shown in Figure 8 represents the data curves of the triaxial accelerometer
and triaxial gyroscope of the ADIS16470. This data was collected by a data acquisition
board based on the STM32F103 chip, with a sampling frequency set at approximately
100 Hz and without any filtering. In the embedded system, sensor data is obtained through
the SPI communication protocol. After the data is collected, it is sent to the computer in
Figure 6 via the serial port and stored on the computer. The baud rate of the serial port is
set to 230400, and each transmission takes approximately 1 ms.

15
40 —Xaxis| { o
Y axis £
2 Z axis g0
\(-“* 20 ?
3 m 1“::».4.“-\ R £
o o M- MAWWMMW#W £
9) G 0
8
20F
&L , | | |
500 1000 1500 2000 2500 500 1000 1500 2000 2500
Time (s) Time (s)
(@) (b)

Figure 8. The data curves of ADIS16470 during driving. (a) Data curves of triaxial gyroscope; (b) Data
curves of triaxial accelerometer.

Meanwhile, the computer also obtains reference data and GNSS receiver positioning
information through two other serial ports. For ease of display, the original image of the
vehicle’s driving trajectory was rotated (clockwise by 90 degrees). The final positioning
trajectory is shown in Figure 9. During the experiment, to fully stimulate the error parame-
ters in the reference system (CGI-610), circular driving was performed for the first 10 min,
and then normal driving began. The entire driving process included sections of low-speed
driving, fast driving, and turning, providing reliable data for verifying the effectiveness of
the proposed method.

Figure 9. The trajectory of the test car.

In urban environments, situations where GNSS positioning fails often occur beneath
elevated structures, between tall buildings, and within tunnels. At such times, the accuracy
of MINS/GNSS fusion positioning will decrease, which will affect route planning, map
navigation, and road rescue. In these GNSS denial scenarios, the duration of time inside
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tunnels is relatively long. Therefore, during the testing, we manually selected the sections
with GNSS denial and set the duration of GNSS denial to 60 s. In this study, nine sections
were selected to test the effectiveness of the proposed method. These nine sections are
shown in Figure 10.

8172 Outage 4 /¢ — Outage 3

31.7

«— Outage 2
31.68
Outage 5
31.66 Outage 6—> \ Outage 1
Outage 7\; )

31.64 Outage 8~y ‘//
3162+ Outage 9\ /

120.72 120.74 120.76 120.78 120.8 120.82 120.84

Figure 10. The schematic diagram when GNSS information is unavaiable (GNSS outage).

All the methods were performed on a computer. The CPU of this computer is I7-
10700, which can speed up the calculation process. When applying the proposed method,
the traditional fusion method based on the Kalman filter without a predictive algorithm
(denoted as KF in the figures below), the ANFIS method from reference [6] (denoted as
ANFIS-M1 in the figure below), and the Radial Basis Function-based prediction method [16]
(denoted as RBF in the figures below) were all executed simultaneously. The position
information was obtained for integration was from a single GNSS receiver, rather than RTK
information. The predicted trajectories of these four methods for the first outage section
are shown in Figure 11.

31.6555

Trajectory
—KF
31.655 ANFIS-M1
RBF
The proposed method

31,6545

31.654

31.6535 [

Latitude (°

31.653

31.6525

31.652

120.788 120.789 120.79 120.791 120.792
Longitude (°)

Figure 11. The trajectories around the GNSS outage 1.

Existing studies often present the positioning errors in the eastward and northward
directions as the key results. In Figure 12 of this paper, the eastward and northward
positioning errors of outage road section 1 are also given. Figure 12a shows that the method
proposed in this paper has the smallest eastward error in this road section, outperforming
the other three methods. However, the northward error is indeed very large, and it is worse
than the result without prediction.

In the trajectory, although the positioning trajectory proposed in this method is close
to the real trajectory, the positioning is ahead of time. This indicates that the positioning
errors in the eastward and northward directions cannot easily show the effectiveness of the
method. Considering the different directions of vehicle travel (as shown by the arrow in
Figure 13), the eastward and northward positioning errors can be replaced by the horizontal
positioning error dP.p (or called two-dimensional error, denoted as 2-D error below). The
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horizontal positioning error is the modulus of the vector of the eastward and northward
positioning errors ([0 Pg, dPy] T), and it can be calculated according to Formula (45).

8Py.p = 1/OP% + 6P (45)

50

——KF
—— ANFIS-M1
~——RBF

—KF
—— ANFIS-M1
~——— RBF

IS
=)

— 40 The proposed method - The proposed method
B E 30
530 5
° 20 e
7 £
8 L
10+ z 1

0 0 N—
870 880 890 900 910 920 930 870 880 890 900 910 920 930 940
Time (s) Time (s)

(a) (b)

Figure 12. The position error at the outage 1. (a) The east errors at the outage 1. (b) The north errors
at the outage 1.

Figure 13. Different orientations during drying.

After calculation according to Formula (45), the positioning errors of the different
methods on road section I are shown in Figure 14. From the figure, it can be seen that the
horizontal positioning error of the method proposed in this paper is smaller than those
of the other three methods. The maximum error is approximately 17 m, 25 m, and 20 m
lower than those of the KF, ANFS-M1, and RBF methods, respectively. This indicates that
the method proposed in this paper is effective on this road section.

70 |[——KF
—— ANFIS-M1
60 | —— RBF
— 50 The proposed method

£

540f
T 59l
o 3

N2t

870 880 890 900 910 920 930 940
Time (s)

Figure 14. 2-D position errors of outage 1.

As shown in Figure 15, it presents the trajectories and predicted results of outage
road sections 3, 4, and 5. The results of Figure 14 may be less significant compared with
Figure 15. This is due to the small error of the KF method (about 60 m) in outage 1. We
should pay more attention to the max error of positioning. The driving trajectories in
Figure 15a,b are in the southwest direction, while the trajectory of outage road section 6 in
Figure 15c¢ is in the southeast direction. For outage road sections 3 and 6, the proposed
method, ANFIS-M1, and RBF method all predicted partial errors, but the fluctuation of the
RBF method is slightly larger. In outage road section 4, the positioning error of the method
in this paper is smaller than the other three methods and is more stable. Similar trajectories
are shown in Figure 16.
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Figure 15. The results of outage 3, 4, and 6. (a) Trajectory of outage 3; (b) Trajectory of outage 4;
(c) Trajectory of outage 6; (d) 2-D position error of outage 3; (e) 2-D position error of outage 4; (f) 2-D
position error of outage 6.
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Figure 16. The results of outage 7 and 8. (a) Trajectory of outage 7; (b) Trajectory of outage §; (c) 2-D
position error of outage 7; (d) 2-D position error of outage 8.

As can be seen from Figure 16, the driving direction on outage road section 7 is
southward, while the driving direction on outage road section 8 is southwestward. In these
two outage sections, all three prediction methods can predict part positioning errors and
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make compensation. However, the method in this paper and ANFIS-M1 are superior to the
RBF method in terms of stability. Moreover, as the outage time increases, the prediction
results of the proposed method on these two sections are better than those of the RBF
method. In addition, apart from the approximately straight driving trajectory, this paper
also tested the trajectory of turns, and the results are shown in Figure 17.
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Figure 17. The results of outage 2, 5 and 9. (a) Trajectory of outage 2; (b) Trajectory of outage 5;
(c) Trajectory of outage 9; (d) 2-D position error of outage 2; (e) 2-D position error of outage 5; (f) 2-D
position error of outage 9.

In Figure 17, outage road section 2 is for westward travel and then a turn to the north.
Outage road section 5 is for southward travel, first a turn to the east, then another turn to
the south. The trajectory of this section is a trajectory that first turns left and then turns
right. Outage road section 9 is for straight southward travel, then a right turn, heading
towards the southwest. From the positioning results of outage road sections 2 and 5, it
can be observed that the method proposed in this paper can predict positioning errors
and improve positioning accuracy. However, in road section 5 with continuous turns,
the fluctuation of the RBF method was compared, and the ANFIS-M1 method failed in
prediction. From outage road section 9, it can be known that the positioning error of the
proposed method in this paper is significantly better than those of the ANFIS-M1 and
RBF methods.

From the positioning error curves of the outage sections, the changing trends of the
positioning errors of the proposed method in this paper and the comparison methods can
be seen. To provide quantitative results, the maximum values of the horizontal positioning
errors of the 9 outage sections and the RMSE were statistically analyzed. The results are
shown in Table 2. In this table, the unit of RMSE and the max error is m (meters).

In Table 2, “Trj” represents the outage sections. “Irj-1” represents outage section 1, and
other representations have similar meanings. RMSE reflects the stability of the prediction.
From Table 2, it can be seen that the proposed method in this paper has a maximum
horizontal positioning error smaller than those of the ANFIS-M1, RBF methods, and the
combination without prediction on most sections.
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Table 2. The RMSE and max error of 2-D position error.
KF ANFIS-M1 RBF The Proposed Method

RMSE Max RMSE Max RMSE Max RMSE Max
Trj-1 15.72 55.01 18.02 62.86 17.41 58.65 10.77 37.67
Trj-2 30.33 104.13 9.61 32.24 12.07 70.01 15.33 54.23
Trj-3 56.41 195.52 9.90 34.94 9.86 52.74 7.98 26.13
Trj-4 39.56 136.52 17.15 197.11 25.04 134.26 6.15 25.30
Trj-5 18.29 67.98 36.52 128.46 22.53 67.85 12.38 43.58
Trj-6 34.65 120.76 2.03 6.91 9.27 85.90 1.82 11.04
Trj-7 36.94 116.78 9.08 29.86 17.41 103.02 3.75 11.19
Trj-8 32.08 110.83 11.96 41.78 12.28 88.60 3.85 11.21
Trj-9 50.77 173.43 29.44 100.62 29.13 111.21 6.43 28.39

The results in Table 2 demonstrate the effectiveness of the proposed method in predic-
tion. As an online training model, the time consumption during parameter acquisition is
also an important factor. By retesting four segments, with each segment undergoing the
method three times, we obtained the training time results. The 12 tests showed that the
time consumed ranged between 10 and 19 s. The inconsistent time consumption of the
proposed method may be due to:

(1) The program code has not been optimized;
(2) The genetic algorithm employs random functions in the population generation, selec-
tion, and crossover processes, leading to inconsistent time consumption.

This suggests that in future research, we can optimize the algorithm’s parameters to
achieve both the desired performance and controllable time consumption.

6. Conclusions

For the problem of divergence in positioning errors of the combined system integrating
a low-cost MEMS IMU and GNSS positioning information in outage environments, this
paper proposes a new position prediction model based on ANFIS and a method for obtain-
ing its parameters. The proposed model takes the position error of the carrier coordinate
system as the target output and uses the output values of the accelerometer x and y axes,
the output value of the gyroscope z axis, and the GNSS outage time as the input of the
model. An input-output model of ANFIS is established. In the parameter acquisition of
the model, a consequent parameter estimation method based on the least squares method
is given, and an antecedent parameter estimation method based on a genetic algorithm is
proposed. Through iterative estimation, the model parameters that meet the requirements
are obtained.

In order to verify the effectiveness and potential of the proposed method, MEMS IMU
data from the vehicle driving process, positioning information from the GNSS receiver, and
reference information were collected. During the method test, straight driving sections and
turning sections were manually selected as GNSS outage sections (a total of 9 sections), and
the outage time for each section was 60 s. At the same time, prediction methods based on
the RBF and ANFIS-M1 models were implemented for comparison.

The test results of the nine outage sections show that the method proposed in this
paper can effectively predict partial positioning errors on most sections, thereby improving
positioning accuracy. On 6 of the outage sections, compared to the positioning errors
without prediction, the method in this paper reduced the maximum horizontal positioning
error by 80%, significantly enhancing the positioning accuracy of the MINS/GNSS. For the
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other three outage sections, the maximum horizontal positioning errors were reduced by
31%, 47%, and 35% respectively. Compared with the other two prediction methods, the
proposed method also demonstrated its advantages.

The proposed method in this paper is effective on most of the test sections and also
indicates its potential in the direction of predicting positioning errors. However, there
are still some deficiencies in the model and parameter acquisition. For example, the time
consumption of training varies significantly. In addition, the test datasets are not sufficient.
In future research, studies on model optimization and iterative parameter updates will be
carried out, and more datasets will be collected for verification.
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The following abbreviations are used in this paper:

ANFIS  Adaptive Neuro-Fuzzy Inference System
GNSS  Global Navigation Satellite System

MU Inertial Measurement Unit

MEMS  Micro Electromechanical Systems

MINS  Micro Inertial System

RBF Radial Basis Function

RTK Real-Time Kinematic

RMSE  Root Mean Square Error
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