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Abstract – Traditional GNSS/INS (Global Navigation
Satellite Systems/Inertial Navigation Systems) coupled
navigation algorithms often struggle with accuracy in
GNSS-denied or challenging environments. This paper
introduces a novel adaptive fusion algorithm leverag-
ing an Adaptive Neuro-Fuzzy Inference System (ANFIS)
that dynamically adjusts sensor weightings based on
real-time signal quality and system performance. The
core innovation lies in the real-time integration of fuzzy
logic and neural network learning, enabling the sys-
tem to continuously adapt and optimize its decision-
making rules for navigation accuracy. A comprehensive,
dynamic error source model is constructed incorporat-
ing GNSS atmospheric delays, orbit errors, and INS
drift to enhance the learning-driven weight adjustment
mechanism. The resulting ANFIS-based fusion strategy
shows significant superiority over traditional Kalman-
based methods, achieving over 90% robustness across
harsh scenarios with an average execution time of 0.69
seconds, demonstrating improved adaptability, learning
capability, and fault resilience in dynamic environments.

Index Terms – Adaptive neuro-fuzzy inference system,
data fusion, GNSS/INS coupled navigation, signal loss,
system robustness.

I. INTRODUCTION
GNSS (Global Navigation Satellite Systems) and

INS (Inertial Navigation Systems) are widely used in
modern navigation technology, especially in autonomous
driving, aerospace, and drones. GNSS provides global
positioning information but is limited by signal shield-
ing, multipath effects, and atmospheric delays, especially
in environments such as high-rise buildings and tun-
nels in cities, which can easily lead to positioning errors
or signal loss. INS provides high-frequency dynamic
positioning through inertial sensors (accelerometers and
gyroscopes), but its errors accumulate over time, grad-

ually decreasing accuracy. GNSS/INS (Global Naviga-
tion Satellite Systems/Inertial Navigation Systems) cou-
pled navigation technology came into being to overcome
the shortcomings of GNSS and INS. EGNSS refers to
the European Global Navigation Satellite System, devel-
oped by the European Union and primarily represented
by the Galileo program. It complements other systems
like GPS to improve positioning accuracy and reliabil-
ity, especially in Europe. Traditional methods such as
Kalman filtering have poor robustness in harsh environ-
ments and achieving high-precision and stable naviga-
tion is difficult.

Many researchers have applied different optimiza-
tion schemes in response to the challenges of GNSS/INS
coupled navigation technology. Abdolkarimi and Mosavi
[1] proposed an improved neuro-fuzzy system to han-
dle the prediction of INS positioning errors during
long-term GPS outages. Cong et al. [2] found that the
random error characteristics of inertial sensors and the
instability caused by GNSS signal interruption threaten
MEMS-based GNSS/INS vehicle navigation systems
and improved positioning accuracy through the data
fusion method of support vector machines. Traditional
extended Kalman filters (EKF) and unscented Kalman
filters (UKF) have been widely used in GNSS and INS
data fusion. Traditional GNSS/INS fusion methods like
EKF and UKF struggle in complex environments such
as tunnels and urban canyons due to their poor robust-
ness under GNSS signal degradation or loss [3–5]. Their
reliance on linearity and Gaussian noise assumptions
limits effectiveness in nonlinear and noisy real-world
conditions. Fixed parameters also reduce adaptability to
dynamic changes [6]. Moreover, cumulative INS errors,
particularly drift, remain uncorrected during GNSS out-
ages [7]. Conventional models cannot effectively address
nonlinear errors like multipath and atmospheric dis-
turbances [8]. Even fuzzy logic and machine learning
approaches often lack sufficient real-time adaptability in
dynamic scenarios.
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Given the limitations of traditional GNSS/INS data
fusion methods, the research community has been com-
mitted to exploring the fusion application of advanced
technologies such as fuzzy logic and neural networks
in recent years. Neural networks have significant advan-
tages in dealing with complex nonlinear problems, while
fuzzy logic can effectively deal with system uncer-
tainty. Early research shows that fuzzy inference systems
can improve robustness by adapting GNSS/INS fusion
weights [9–10]. However, most of these studies are based
on static models for analysis and research, and many also
face difficulties: lack of real-time adaptability and diffi-
culty adapting to complex and changeable dynamic envi-
ronments [11].

This study uses the GNSS/INS coupled naviga-
tion algorithm of Adaptive Neuro-Fuzzy Inference Sys-
tems (ANFIS) to integrate the adaptive characteris-
tics of fuzzy logic and the learning ability of neural
networks to achieve the function of quickly respond-
ing to environmental changes. Enhancing ANFIS for
GNSS/INS navigation involves integrating electromag-
netic signal propagation models that account for diffrac-
tion, reflection, refraction, and attenuation in complex
environments. These models provide key variables like
multipath effects, signal delays, and local electromag-
netic field variations, which can be used as inputs for
ANFIS. By including these propagation-aware param-
eters, ANFIS can more accurately detect signal degra-
dation and distinguish between different types of errors.
This allows for proactive adjustment of GNSS and INS
weightings in the fusion process, maintaining accuracy
even during signal obstruction or interference. Real-time
implementation can utilize ray-tracing, urban environ-
ment maps, or machine learning-based estimators. Over-
all, this integration boosts robustness, precision, and
adaptability of the navigation system in dynamic and
harsh conditions.

This paper introduces a GNSS/INS coupled navi-
gation algorithm using ANFIS, which integrates fuzzy
logic and neural networks to handle nonlinear and uncer-
tain environments. It achieves real-time data fusion
and dynamic weight adjustment based on environmen-
tal conditions, enhancing accuracy and robustness. The
approach models and corrects complex error sources
such as signal loss, sensor drift, and atmospheric interfer-
ence. With an average runtime of just 0.69 seconds, the
algorithm meets high-performance computing demands.
Its robust design parallels advanced numerical model-
ing in mechanics and offers transferable values across
domains. Applications include autonomous navigation,
structural monitoring, and real-time system control. By
constructing a precise error source model and design-
ing an adaptive data fusion strategy and dynamic adjust-
ment mechanism, the efficient fusion of GNSS and INS

data is completed. Particularly when the GNSS signal
is unstable or interrupted, ANFIS can instantly adjust
the INS weight to ensure system continuity and accu-
racy [12]. Experimental results show that the algorithm
has a robustness of over 90% in various harsh environ-
ments and a running time of 0.69 seconds. Compared
with traditional algorithms, its performance is signifi-
cantly improved, overcoming the robustness challenge in
complex environments.

Traditional GNSS/INS-enabled navigation systems
struggle to maintain accuracy and resilience in complex
and difficult environments such as urban canyons, tun-
nels, and signal interference or multipath zones. GNSS
suffers from signal loss and degradation, whereas INS
errors build over time. Because of their linear assump-
tions and set parameter configurations, traditional data
fusion approaches such as UKF and EKF lack adaptabil-
ity and robustness in such environments. Furthermore,
current intelligent technologies, such as static fuzzy logic
and neural network models, frequently fail to respond in
real time to dynamic environmental changes.

This paper proposes a novel GNSS/INS coupled
navigation algorithm based on ANFIS. The main con-
tributions include:

1. Developing a comprehensive GNSS/INS error
model accounting for GNSS signal degradation
(e.g., atmospheric delay, multipath) and INS drift
and bias.

2. Designing an adaptive neuro-fuzzy system combin-
ing fuzzy logic and neural networks to dynamically
adjust GNSS/INS data fusion.

3. Implementing a strategy to automatically shift
reliance between GNSS and INS based on signal
quality and environmental changes.

4. Achieving over 90% robustness and maintaining
low positioning errors even under signal loss, inter-
ference, and multipath effects.

5. Demonstrating fast processing with an average run-
ning time of 0.69 seconds, outperforming EKF and
UKF methods in both speed and accuracy.

The primary aim of this study is to develop a
robust, high-precision, real-time adaptive GNSS/INS
coupled navigation system by leveraging the capabilities
of ANFIS. This system is intended to overcome the limi-
tations of traditional fusion methods and provide reliable
navigation performance under dynamic and harsh envi-
ronmental conditions.

II. RELATED WORK
Wu [13] enhanced a GPS/INS ultra-tightly-coupled

system using a neural-fuzzy adaptive Kalman filter,
where a fuzzy controller adjusts measurement noise
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based on innovations and a neural network optimizes its
parameters. This ANFIS-based approach improves accu-
racy and robustness in dynamic noise conditions, sup-
porting reliable GNSS/INS navigation. Lai et al. [14]
addressed high uncertainty in tightly-coupled GNSS/INS
systems using an adaptive fuzzy neural network-aided
progressive Gaussian filter. They jointly estimated step
size and measurement noise via a variational Bayesian
approach. A fuzzy algorithm adapted measurement
noise, while a neural network refined state error covari-
ance. This formed an ANFIS-based filtering framework.
The approach improved estimation robustness and accu-
racy. Experiments showed superior performance over
existing filters.

Yue et al. [15] developed a robust GNSS/INS nav-
igation algorithm for urban and GNSS-denied environ-
ments. A two-tier fusion scheme was used to enhance
accuracy. SVR-AKF adaptively fuses GNSS and INS
data by tuning Kalman filter parameters, ANFIS mod-
els and corrects INS drift during GNSS outages. This
approach effectively handled sensor nonlinearities and
uncertainties. Road tests confirmed improved position-
ing performance.

Wang et al. [16] used a centralized Kalman fil-
ter with loose coupling for efficient GNSS/INS integra-
tion. Feedback correction maintained accuracy over long
durations. The system is simple, reliable, and suitable for
low-power UAVs. It offers a solid baseline for intelli-
gent methods like ANFIS. ANFIS can adapt to nonlinear
errors and improve performance in dynamic conditions.
This foundation supports the development of an adaptive
neuro-fuzzy navigation algorithm.

Mahdi et al. [17] proposed a system integrating
RISS with GNSS using ANFIS for accurate navigation in
GNSS-degraded areas. ANFIS calibrated sensor errors,
enhancing reliability during outages. It outperformed tra-
ditional methods in 2D RMSE and maximum error. Real-
world tests confirmed its robustness. The method is scal-
able to low-cost IMUs. This makes it suitable for diverse
navigation applications.

Wang et al. [18] addressed GNSS/INS integration
challenges using tight coupling, non-holonomic con-
straints, and outlier rejection to enhance robustness and
accuracy. These methods are effective during GNSS out-
ages and sensor drift. ANFIS can further improve this by
learning nonlinear system behaviors and adapting in real-
time. Its data-driven approach outperforms traditional fil-
ters in dynamic conditions. Thus, Wang et al. provided a
strong foundation for integrating ANFIS into navigation
algorithms.

Gudivaka and Thanjaivadivel [19] presented an IoT-
based adaptive signal processing framework to enhance
robotic navigation through intelligent sensor fusion.

Their adaptive fusion strategy is leveraged in this
research by integrating GNSS and INS data using ANFIS
to handle nonlinearities and sensor drift. This integration
improves navigation accuracy, robustness to signal loss,
and adaptability in dynamic environments.

Sun et al. [20] demonstrated effective GNSS/
compass fusion using ANFIS for real-time vehicle posi-
tioning and car-following status detection. The method
accurately interpreted dynamic parameters with a low
false alarm rate. This parallels GNSS/INS integration,
where INS can enhance state estimation. ANFIS proved
capable of handling nonlinear, uncertain sensor data.
Their results validated the feasibility of real-time intel-
ligent inference. This supports the development of an
ANFIS-based GNSS/INS navigation algorithm.

The MCPP method by Zhao and Yang [21] supports
ANFIS-based GNSS/INS design by providing satellite
fault probabilities as adaptive inputs. These enhance
ANFIS’s ability to model nonlinear errors and handle
GNSS faults. Both aim to improve urban positioning
accuracy. MCPP’s probabilistic approach complements
ANFIS’s fuzzy logic, avoiding fixed thresholds. Its use
in tightly-coupled systems ensures compatibility. Real-
world tests validate its effectiveness for intelligent navi-
gation fusion.

Jwo et al. [22] highlighted the importance of
GNSS/INS integration for robust navigation in GNSS-
denied environments. They emphasize AI methods, par-
ticularly ANNs, for modeling without detailed physi-
cal system knowledge. Their support for ANN-based
fusion aligns with the shift toward intelligent systems
like ANFIS. ANFIS combines neural learning with
fuzzy logic for adaptive performance. The study’s focus
on performance evaluation supports assessing ANFIS-
based models. Overall, their findings justify developing
advanced GNSS/INS fusion algorithms using ANFIS.
The work by Wu et al. [23] enhances GNSS/INS integra-
tion using adaptive deep learning to correct INS errors
from nonlinear noise. It reflects ANFIS principles by
modeling without strict noise assumptions and combin-
ing learning with filtering for interpretability. The model
emphasizes efficiency and generalization. Experimental
results under GNSS loss show significant accuracy gains,
supporting ANFIS-based adaptive navigation algorithm
design.

Zhang and Wang [24] proposed the DGP-MLP
method to enhance GNSS/INS navigation during out-
ages, aligning with ANFIS-based approaches. Their
hybrid model supports the integration of fuzzy logic
and learning, with adaptive training strategies similar to
ANFIS tuning. Using past GNSS data for prediction also
informs ANFIS input design. Real-world results validate
its effectiveness, supporting the development of ANFIS-
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Table 1: Comparative analysis of ANFIS-based GNSS/INS integration methods
Reference Method Advantage Limitation

Wu [13] Neural-fuzzy adaptive
Kalman filter with ANFIS

Adapts to dynamic noise;
improves accuracy and robustness

Complex tuning; not
real-time

Lai et al. [14]
ANFIS + progressive

Gaussian filter + variational
Bayes

Joint estimation of step size and
noise; high robustness

Computationally heavy

Yue et al. [15] SVR-AKF + ANFIS to
model INS drift

Robust in urban/GNSS-denied
areas; two-level fusion SVR may not generalize well

Wang et al. [16]
Centralized Kalman filter

(loose coupling) with
ANFIS potential

Low-power, simple system;
suitable for UAVs

Loose coupling limits
integration accuracy

Mahdi et al. [17] RISS-GNSS-ANFIS
integration

High accuracy in degraded areas;
scalable to low-cost IMUs

Focused on 2D; needs
expansion to 3D/6DOF

Wang et al. [18]
Tight coupling +

non-holonomic constraints
+ outlier rejection

Resilient to sensor drift and
GNSS loss

Relies heavily on constraints
and threshold tuning

Gudivaka &
Thanjaivadivel [19]

IoT-based ANFIS sensor
fusion for robots

Adaptive to environment; robust
to drift

Limited to robotics context;
generalization may vary

Sun et al. [20] GNSS/Compass + ANFIS Real-time, low false alarms;
dynamic adaptation

Less applicable to full
GNSS/INS integration

Zhao & Yang [21] MCPP + ANFIS Probabilistic satellite fault
handling; better error modeling

May need high computational
load for MCPP

Jwo et al. [22] ANN fusion framework Supports learning without system
model

Lacks interpretability;
ANN-only

Wu et al. [23] Adaptive deep learning for
INS correction

Generalizable, interpretable; no
strict noise assumptions

Deep models may overfit or
need large data

Zhang & Wang
[24]

DGP-MLP hybrid; uses
GNSS history + fuzzy logic

Supports ANFIS input design;
real-world tested

Not inherently real-time
ANFIS

Guo & Tu [25] LSTM + EMD/Wavelet +
EKF

Predictive during GNSS
outage; interpretable

LSTM training is
time-intensive; sensitive to

outliers

based navigation systems. Guo and Tu [25] used LSTM
to predict pseudo-GNSS data during outages from IMU
and INS inputs, a role ANFIS can also fulfill. EMD
and wavelet filtering improve data quality. ANFIS offers
interpretable, adaptive learning. Like LSTM, it trains
with GNSS and predicts during loss. EKF fuses pre-
dictions to correct INS drift, supporting ANFIS-based
GNSS/INS design.

Table 2 provides a comparative overview of recent
research efforts integrating ANFIS into GNSS/INS nav-
igation algorithms. It summarizes each study’s method-
ology, highlights the key advantages that ANFIS brings
(such as improved robustness, adaptability, and accuracy
in complex or GNSS-denied environments) and outlines
the main limitations or challenges faced, including com-
putational complexity, tuning difficulty, and real-time
adaptability. This comparison helps to identify strengths
and gaps in current approaches, guiding future develop-
ments in intelligent navigation systems.

III. SYSTEM DESIGN AND
IMPLEMENATION

A. Problem modeling and error sources
1. GNSS error model

GNSS signal errors mainly come from atmospheric
delay, satellite orbit error, multipath effect, and signal
shielding. Traditional GNSS/INS fusion navigation often
simplifies GNSS errors into white or Gaussian noise
while ignoring the uncertainty in the actual environ-
ment. Especially under multipath and shielding condi-
tions, the navigation positioning accuracy is significantly
reduced. To more accurately describe GNSS errors, this
study constructs a dynamic error model, which com-
prehensively considers the influence of satellite geom-
etry, multipath effect, and environmental shielding. By
applying satellite geometry error, shielding condition,
and reflected signal strength as input, a dynamic weight
adjustment strategy is adopted to achieve real-time error
estimation and correction. In response to multipath or
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shielding problems, this study combines satellite orbit
and position error models for further optimization to
improve positioning accuracy in complex environments:

EGNSS = α·∆θ+β ·∆SNR+γ·Multipath
+δ ·Blockage+ε. (1)

EGNSS is the GNSS positioning error in meters (m). ∆θ

is the satellite geometric error, indicating the change in
the satellite geometric structure, which is usually related
to the number and position of satellites. △SNR is the
signal strength change, the signal-to-noise ratio change.
Multipath is the multipath effect, which indicates the
error caused by signal reflection or refraction. Block-
age is the signal occlusion, indicating environmental fac-
tors’ impact on signal reception. ε is random noise or
other unmodeled error sources. α,β ,γ , and δ are weight
factors which indicate the contribution of different error
sources to the positioning error.

2. INS error model
The main sources of error in the INS system include

sensor offset, zero drift, calibration error, and inertial
integration error, especially the drift problem of the
accelerometer and gyroscope. Since the error of INS is
cumulative, the error gradually amplifies during long-
term operation, affecting the system’s accuracy. This
study analyzes the noise characteristics of INS sen-
sors and constructs the error propagation model of the
accelerometer and gyroscope. The Kalman filter frame-
work is used to dynamically correct INS’s zero drift and
sensor offset. For the drift error of the accelerometer
and gyroscope, the study applies an adaptive calibration
method based on real-time sensor feedback and model
prediction, continuously correcting the error gain dur-
ing the navigation process, thereby reducing the cumu-
lative error of INS. Further, through the periodic correc-
tion of inertial data and the dynamic optimization of the
error gain matrix, the accuracy stability of INS in long-
term operation is enhanced, ensuring that it can provide
relatively accurate positioning information even without
GNSS support. The error gain update equation is:

Kadapt =
1
λ

n

∑
i=1

(
eieT

i
)
, (2)

where Kadapt is the adaptive error gain, ei is the error at
the first moment, λ is the forgetting factor.

To solve the problem of GNSS and INS error cou-
pling, a comprehensive error source model is constructed
and integrates the geometric, multipath, and occlusion
errors of GNSS and the drift and integral errors of INS.
Through in-depth analysis of the error characteristics,
fuzzy logic is used to dynamically allocate the weights
of each error source. When the GNSS signal quality
decreases, the system intelligently increases the INS
weight to stabilize positioning. When the signal is stable,
the GNSS weight is strengthened to improve accuracy.

The model optimizes data fusion based on the real-time
transmitted data and environmental factors to complete
the real-time correction of error source parameters.

B. ANFIS architecture design
1. Fuzzy logic and neural network

The fuzzy logic component of ANFIS is specifi-
cally designed to handle the uncertainty factors in the
GNSS/INS fusion process. It first converts the two con-
tinuously changing indicators (GNSS signal quality and
INS error) into fuzzy sets through membership functions.
The system derives the corresponding weight adjustment
factor and error correction amount using the IF-THEN
fuzzy inference mechanism. Next, using a fuzzy rule
base, the system flexibly adjusts the weight allocation
between GNSS and INS based on the current signal qual-
ity and error characteristics. This mechanism ensures
that, when the GNSS signal is unstable or missing, the
system can maintain highly accurate and stable position-
ing performance by augmenting the INS.

The neural network in the ANFIS system concen-
trates on optimizing the rules and parameters of the affil-
iation function in fuzzy logic to enhance the system’s
ability to adapt to the dynamic environment. The system
accurately adjusts the center value and width of the affil-
iation function. It optimizes the weights and bias param-
eters to minimize the error using the feed-forward neu-
ral network structure and the backpropagation algorithm.
Even in extreme cases, such as high occlusion of the
GNSS signal, the system still maintains a stable and reli-
able performance. The process is displayed in Fig. 1.

Fuzzy logic and neural networks enhance the error
source model for GNSS/INS integration via the ANFIS.
ANFIS effectively models GNSS errors like atmospheric
delay, multipath effects, and signal blockage as well as
INS errors, including sensor drift. Fuzzy logic addresses
uncertainty and nonlinearity by assigning weights based
on signal and environmental conditions, while neu-
ral networks optimize fuzzy membership functions and
rules through learning. Fuzzy logic transforms real-time
variables such as GNSS signal quality into fuzzy sets and
utilizes IF-THEN rules for weight allocation between
GNSS and INS, ensuring stable navigation. The neural
network component refines fuzzy rules using backpropa-
gation and gradient descent, allowing adaptation to real-
time changes. ANFIS dynamically adjusts weightings,
improving navigation accuracy and system robustness,
achieving over 90% reliability with a 0.69-second aver-
age response time.

2. ANFIS model training and optimization
ANFIS uses supervised learning combined with

the gradient descent method and backpropagation algo-
rithm to optimize the neural network’s fuzzy rules and
various parameters. IF-THEN logic statements used in
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Fig. 1. ANFIS process in the GNSS/INS coupled navigation system.

fuzzy systems to handle uncertainty. They enable adap-
tive decision-making in GNSS/INS systems by adjust-
ing weights based on conditions like signal quality.
In the training process, the backpropagation algorithm
minimizes the prediction error. It gradually adjusts the
weight of the neural network to optimize the mem-
bership function parameters in the fuzzy rule base. At
the same time, the output weight in the fuzzy reason-
ing process is adjusted by the gradient descent method
to improve the data fusion strategy. Through multiple
training cycles, the model gradually adapts to differ-
ent environmental changes, adjusts the fusion ratio of
GNSS and INS in real-time, enhances the role of INS
when the GNSS signal is unstable, and strengthens the
weight of GNSS when the GNSS signal is strong, ensur-
ing that the system always maintains the best naviga-
tion accuracy. Finally, the trained ANFIS model auto-
matically adjusts and optimizes the data fusion strat-
egy in various environments, improving the accuracy
and robustness of the GNSS/INS coupled navigation
system. The ANFIS model utilizes supervised learning,
merging gradient descent and backpropagation to refine
fuzzy rules and network parameters. The backpropaga-
tion algorithm minimizes prediction errors by adjusting
neural network weights, enhancing membership func-
tion parameters. Simultaneously, output weights in the
fuzzy inference process are updated via gradient descent
to improve data fusion. Through repeated training, the
model adapts to environmental changes, adjusting the
GNSS and INS fusion ratio. It increases INS weight in
weak GNSS signals and favors GNSS in high-quality

conditions. After training, ANFIS autonomously opti-
mizes data fusion in real time, enhancing the accu-
racy and robustness of GNSS/INS navigation systems.
In GNSS/INS integration using ANFIS, gradient descent
and backpropagation are employed to optimize data
fusion under varying environmental conditions. Gradient
descent minimizes prediction errors by adjusting fuzzy
system parameters, while backpropagation fine-tunes
neural network weights and membership functions. This
enables real-time adaptation to signal quality and sen-
sor errors, allowing the system to shift reliance between
GNSS and INS based on reliability. Unlike traditional
methods, this approach effectively handles nonlineari-
ties and signal disruptions, maintaining over 90% robust-
ness and ensuring accurate navigation even in harsh
environments.

C. GNSS and INS data fusion strategy
1. Data fusion strategy design

To give full play to the complementary effect of
GNSS and INS, this study is based on the adaptive data
fusion strategy of ANFIS. When the GNSS signal is
stable and accurate, the system increases the weight of
the GNSS to provide accurate positioning information.
Once the GNSS signal is interfered with or lost, the
system automatically switches to INS mode and adjusts
the weight of INS to maintain continuous positioning.
ANFIS adjusts the weight distribution of GNSS and INS
based on data to ensure that high-precision navigation
can still be achieved using INS when the GNSS signal
fluctuates.
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2. Implementation of the fusion process
ANFIS uses the quality of real-time signals, histor-

ical parameters, and the status of various environments
to adjust the weights of GNSS and INS in data fusion.
The GNSS weight is reduced and the INS weight is
increased to deal with the influence of GNSS signals
being blocked and multipath effects. When the signal is
good, the GNSS weight is dynamically enhanced. With
the help of fuzzy rules generated by training, ANFIS
effectively handles the nonlinear relationship between
GNSS and INS, balances the positioning results of the
two through fuzzy inference, and avoids single sensor
errors. Even when the GNSS signal is missing or dis-
turbed, the system can adjust the INS weight.

Figure 2 shows the dynamic adjustment of weights
based on real-time signal quality and environmental fac-
tors in the GNSS/INS coupling system. In the upper
part of Fig. 2, as the GNSS signal quality improves,
the weight of GNSS increases, and the weight of INS
decreases. When the GNSS signal quality is 0.9, the
GNSS weight is close to 1 and the INS weight drops
to around 0. The lower part of Fig. 2 shows the impact
of environmental factors on the weight. When environ-
mental factors increase, the GNSS weight decreases and
the INS weight increases, ensuring that the INS can pro-
vide stable navigation data when the GNSS signal weak-
ens. Figure 2 shows that the ANFIS model automatically
adjusts the weight under different conditions, thereby
improving the accuracy and robustness of the system.

Fig. 2. Dynamic adjustment of weights in the GNSS/INS
coupling system.

3. Fusion strategy optimization and application
To make the fusion strategy of GNSS and INS more

efficient, this paper applies a self-optimization mecha-
nism based on ANFIS. During the experiment, the sys-

tem continuously optimizes the parameters of fuzzy rules
and neural networks based on real-time data and error
feedback. Through continuous training and adjustment,
ANFIS learns rules more suitable for the current environ-
ment and flexibly adjusts the data fusion strategy accord-
ing to environmental changes. When the GNSS signal
is lost or the quality is reduced, ANFIS increases the
weight of INS to ensure a smooth transition of the sys-
tem. Ehen the GNSS signal returns to normal, the system
quickly resumes its dependence on GNSS and reduces
the weight of INS.

Various error sources can be identified and tar-
geted for adjustment during ANFIS model training. To
address the multipath effect of GNSS, ANFIS adjusts
the weights of the input variables to weaken their influ-
ence on localization and reinforces the role of INS in
case of signal occlusion to prevent accuracy from being
impaired. This optimization ensures that GNSS/INS data
fusion provides stable accuracy in real-time applications
while maintaining system robustness under extreme con-
ditions.

The self-optimization mechanism using ANFIS
enhances the performance of GNSS/INS coupled navi-
gation systems in challenging environments. By integrat-
ing fuzzy logic with neural networks, ANFIS dynami-
cally adjusts the weight between GNSS and INS data
based on real-time signal quality and environmental con-
ditions. It is trained on actual data to recognize error pat-
terns and optimize fusion strategies. When GNSS signals
are degraded or lost, ANFIS increases reliance on INS
to maintain positioning accuracy. The system also con-
tinuously refines its rules using error feedback, ensuring
robust and adaptive navigation. Experiments show over
90% robustness and an average processing time of 0.69
seconds, confirming the system’s effectiveness in real-
world applications.

D. Dynamic adjustment mechanism
1. GNSS signal loss processing

When the GNSS signal is missing or strongly inter-
fered with, the system quickly switches to INS mode to
ensure the continuity of navigation and high position-
ing stability. The ANFIS model automatically increases
the weight of INS through its flexible weight adjust-
ment mechanism, thereby ensuring that INS can con-
tinue to play a core role when GNSS is unavailable.
ANFIS continuously monitors the GNSS signal strength
and the number of available satellites, and immediately
and adaptively increases the weight of INS once a signal
loss is detected. With INS’s continuous position estima-
tion capability, this mechanism prevents the deviation of
positioning information.

Furthermore, ANFIS optimizes the INS error cor-
rection strategy tasks to maintain high positioning accu-
racy. As the operating time of INS grows, its positioning
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accuracy may gradually decrease. For this reason,
ANFIS utilizes real-time data to accurately correct the
errors of INS to avoid accumulation of errors. ANFIS
implements effective error compensation in response
to environmental changes by dynamically adjusting the
parameters of the accelerometers and gyroscopes, ensur-
ing that the system maintains high accuracy during peri-
ods of GNSS signal loss. This mechanism allows the sys-
tem to quickly adapt to changes in the external environ-
ment and reduces the reliance on static weight configu-
rations.

ANFIS enhances robustness in GNSS environments
facing signal loss or multipath interference by integrating
mechanisms that evaluate signal strength, satellite geom-
etry, and multipath indicators. It adjusts fusion weights
between GNSS and INS data dynamically, relying more
on INS when GNSS quality declines. By combining
fuzzy logic with neural networks, ANFIS optimizes rules
and functions through real-world data training, facili-
tating real-time adaptation to environmental changes. It
constructs detailed error models for both GNSS and INS
to correctly identify and mitigate inaccuracies in harsh
conditions. In practice, ANFIS lowers GNSS depen-
dence during interference while improving INS compen-
sation, swiftly reverting to GNSS when conditions stabi-
lize, achieving over 90% robustness in challenging sce-
narios like urban canyons and tunnels. The GNSS/INS
coupled navigation system utilizes ANFIS to maintain
accuracy during GNSS signal loss or interference. It
begins with dynamic error modeling addressing atmo-
spheric delays, satellite geometry, multipath effects, and
INS sensor drift. Real-time corrections use environmen-
tal data. The fusion strategy adapts GNSS weight based
on signal conditions, enhancing GNSS during strong sig-
nals and relying on INS when GNSS degrades. ANFIS
combines fuzzy logic for uncertainty management and
neural networks for optimizing fuzzy rules. Continuous
monitoring of GNSS parameters assesses signal reliabil-
ity. In outages, it compensates for INS drift with adaptive
calibration, achieving over 90% robustness and low posi-
tioning errors with a 0.69-second execution time.

2. Signal quality judgment and dynamic adjustment
ANFIS measures signal reliability by monitoring

signal-to-noise ratio, satellite spatial distribution, and
multipath effects.

Figure 3 shows that the signal strength fluctuates
between -180 dBm and -120 dBm. The number of satel-
lites varies between 5 and 15, with lower numbers of
satellites leading to reduced positioning accuracy. The
SNR value is in the fluctuating range of 0-50 dB. A
higher SNR corresponds to better localization accuracy,
while a lower SNR may lead to an increased error. The
fluctuation of GNSS signal quality directly affects the
accuracy and stability of the positioning system.

Fig. 3. Signal strength, number of satellites, and signal-
to-noise ratio over time.

ANFIS uses fuzzy logic to evaluate GNSS signal
quality, uses input variables to determine signal reli-
ability, and dynamically adjusts data fusion strategies
based on the evaluation results. If the signal quality is
low, ANFIS relies on INS to provide continuous posi-
tioning information and gradually reduce its reliance on
GNSS data. When the signal returns to normal, ANFIS
increases its reliance on GNSS data and further opti-
mizes the positioning results. This mechanism ensures
that the system is adaptively adjusted according to actual
circumstances under various environmental conditions to
maximize the accuracy and stability of the navigation
system.

ANFIS enhances GNSS/INS navigation by adap-
tively adjusting fuzzy logic rules, neural network param-
eters, and data fusion strategies in real time. It uses envi-
ronmental inputs like signal strength and sensor errors to
determine optimal GNSS and INS weightings, increas-
ing reliance on INS during GNSS signal loss. A neural
network continuously learns and optimizes the fuzzy sys-
tem for improved adaptability. This dynamic approach
ensures accurate, stable navigation by compensating for
errors such as multipath effects and sensor drift. ANFIS
achieves over 90% robustness in harsh conditions, while
maintaining fast processing, making it suitable for real-
time navigation in complex environments.

IV. EXPERIMENT AND PERFORMANCE
EVALUATION

A. Performance evaluation method
In the performance evaluation, this paper simulates

the lateral and longitudinal errors of complex environ-
ments such as urban high-rise buildings and tunnels
under different geographical conditions by using actual
GNSS and INS sensor data sets and the stability and
robustness of experimental scenes under various harsh
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conditions. The performance of the ANFIS optimization
algorithm under these harsh conditions is tested through
these experimental data. To comprehensively evaluate
the performance of the ANFIS algorithm, this study con-
ducts a comparative analysis with traditional EKF and
UKF.

B. Positioning error
This paper evaluates the algorithm’s accuracy by

calculating the positioning error (lateral error and lon-
gitudinal error).

Figure 4 shows the error performance of ANFIS,
EKF, and UKF in various geographical environments.
ANFIS has the best performance in open areas, with
lateral and longitudinal errors of 0.66 meters and 0.65
meters, respectively. In complex environments, such as
urban canyons and tunnels, ANFIS error is still low,
while the errors of EKF and UKF increase, especially
in tunnels where the lateral error of EKF exceeds 0.9
meters. Overall, ANFIS shows high accuracy and stabil-
ity, highlighting its advantages in complex environments.

Fig. 4. Lateral and longitudinal errors of the three algo-
rithms ANFIS, EKF, and UKF in different geographical
environments.

C. Robustness in different harsh scenarios
To comprehensively evaluate the performance of

the GNSS/INS coupled navigation algorithm of ANFIS
in harsh environments, this paper designs a variety
of experimental scenarios, covering signal loss, mul-
tipath interference, and high dynamic environments.
Table 2 shows the system’s positioning error, stability,
and robustness indicators in these scenarios. The robust-
ness and stability of the algorithm in complex environ-
ments are further confirmed through comparative verifi-
cation.

Under normal GNSS signals, the positioning error is
0.5 meters, the system stability is good, and the robust-
ness is as high as 95%. However, when the GNSS signal

Table 2: Positioning error, stability, and robustness of the
system under various harsh conditions

Environmental
Condition

Positioning
Error (m)

System
Stability

(Maximum
Deviation,

m)

Robustness
(Stability

Score)

Normal GNSS
Signal 0.5 0.2 95%

GNSS Signal
Loss 1.2 0.5 90.5%

Multipath
Interference 0.8 0.3 90.6%

High-Dynamics
Environment 1.5 0.6 91%

Strong
Electromagnetic

Interference
1 0.4 94%

Short-Term
Signal

Interference
0.7 0.25 92%

is lost, the positioning error increases to 1.2 meters, and
the system stability and robustness decrease slightly. In
the face of multipath interference, the positioning error
is 0.8 meters and the robustness is 90.6%. Overall, the
robustness in each environment is higher than 90%.

D. Algorithm running time
By evaluating the algorithm running time, its com-

putational burden is compared with the performance dif-
ference of EKF and UKF.

Figure 5 compares the execution time of ANFIS,
EKF, and UKF in different environments. In the GNSS

Fig. 5. Running time of the three algorithms in different
environments.
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signal loss scenario, ANFIS outperforms EKF’s 0.75 sec-
onds and UKF’s 0.80 seconds with a running time of
0.65 seconds, demonstrating its fast-processing capabil-
ity. In the face of multipath interference, ANFIS’s 0.55-
second running time takes the lead again, demonstrating
excellent robustness. In a highly dynamic environment,
UKF takes the longest time (1.30 seconds), while ANFIS
(1.10 seconds) and EKF (1.20 seconds) are shorter, high-
lighting that UKF is computationally intensive. Overall,
ANFIS has good adaptability under complex conditions,
with an average running time of 0.69 seconds.

V. CONCLUSION
This study presents a novel ANFIS-based

GNSS/INS coupled navigation algorithm that sub-
stantially improves positioning accuracy and system
robustness in challenging environments characterized by
GNSS signal loss, multipath interference, and dynamic
conditions. By integrating a detailed error source model
with a real-time adaptive fusion strategy, the system
effectively adjusts the weighting between GNSS and
INS inputs, ensuring continuous and reliable navigation
even when satellite signals are degraded or unavailable.
The self-optimizing inference engine further enhances
performance by dynamically evolving fuzzy rules
based on sensor feedback and environmental changes.
Experimental results demonstrate that the proposed
approach consistently achieves over 90% robustness
with significantly reduced positioning errors compared
to traditional EKF and UKF, while maintaining low com-
putational latency suitable for real-time applications.
These advancements highlight the ANFIS-based fusion
method as a superior alternative, offering enhanced
stability, adaptability, and accuracy in GNSS-challenged
scenarios.
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