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Abstract

In multirotor unmanned aerial vehicle (UAV) GNSS/INS integrated navigation systems, a
single filter such as the extended Kalman filter (EKF) or the error-state extended Kalman
filter (ESKF) is commonly adopted. However, both methods have inherent performance
limitations. The EKF suffers from significant linearization errors in highly nonlinear
flight scenarios, leading to degraded estimation accuracy. Although ESKF achieves higher
precision during steady flight, its model assumptions may no longer strictly hold during
aggressive maneuvers, causing performance degradation in complex flight missions. To
address the limitations of using a single filter, this study proposes a dynamic filter selection
strategy under the interaction multi-filter (IMF) framework. The approach builds on
the interactive multiple model (IMM) method and establishes a cooperative mechanism
between EKF and ESKF. By computing the filter likelihoods at each time step and updating
the probability switching matrix, the framework adaptively selects the optimal filter based
on the current flight conditions. Simulation results demonstrate that the proposed IMF-
based strategy effectively avoids the performance bottlenecks of individual filters. In
highly nonlinear environments, it reduces linearization errors and suppresses divergence
trends; compared with traditional ESKF, the proposed algorithm 3D RMSE is reduced by
57.2%, compared with the adaptive robust EKF (AREKF), the proposed approach reduces
positioning errors by up to 21.3%. The results confirm that IMF-based adaptive switching
between EKF and ESKEF yields a robust, high-precision solution for UAV navigation in
complex operational scenarios.

Keywords: GNSS/INS integration; EKF; ESKF; interaction multi-filter (IMF); UAV navigation;
nonlinear estimation

1. Introduction

With the rapid development of the low-altitude economy, multirotor unmanned aerial
vehicles (UAVs) have become a key technological tool due to their strong vertical takeoff
and landing capability, high maneuverability, controllable cost, and ease of operation [1,2].
They have been widely applied across sectors of the national economy, thereby improving
productivity, reducing operational risks, and expanding their application boundaries [3].
Currently, multirotor UAVs have been widely deployed in various applications, includ-
ing agricultural plant protection, logistics and delivery, emergency rescue, construction
surveying, aerial cinematography, and military reconnaissance [4,5].

For navigation and positioning requirements of multirotor UAVs, the global navigation
satellite system (GNSS) and the inertial navigation system (INS) are the two most widely
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used technical solutions [6,7]. GNSS provides high absolute positioning accuracy and long-
term stability, but it is highly dependent on external environmental conditions. Its signals
are easily affected by obstructions (e.g., urban canyons), electromagnetic interference,
and multipath effects, leading to significant degradation of positioning accuracy in complex
scenarios [8-10]. INS, on the other hand, uses data from the inertial measurement unit
(IMU) to provide high-frequency, continuous estimates of position, velocity, and attitude. It
offers autonomy, short-term accuracy, and independence from external signals. However,
due to bias drift, scale-factor errors, and random noise of accelerometers and gyroscopes,
INS errors grow exponentially over time, rendering it insufficient for long-term navigation
when used alone [11-13].

In practical engineering applications, relying solely on GNSS or INS cannot satisfy
the dual demands of high precision and strong robustness in complex UAV navigation
environments [14]. GNSS/INS integrated navigation combines the long-term accuracy
of GNSS with the short-term stability of INS, thereby compensating for their respective
shortcomings and enhancing the overall performance of the navigation system [15]. This
integrated approach has become a core enabling technology in UAVs, autonomous driving,
precision guidance, and mobile robotics [16]. However, the expanding operational domains
of UAVs have imposed increasingly stringent requirements on the accuracy and robustness
of GNSS/INS integrated navigation [17]. Designing filtering algorithms that can fully
exploit the performance potential of GNSS/INS in complex dynamic environments, while
simultaneously achieving high stability, precision, and real-time capability, remains a
critical challenge in this field.

Among various GNSS/INS filtering methods, the extended Kalman filter (EKF) is the
earliest nonlinear filtering technique implemented in engineering practice [18,19]. Its core
idea is to approximate a nonlinear system by linearizing it through a first-order Taylor
expansion, followed by classical Kalman filter recursion. The EKF can achieve satisfactory
state-estimation accuracy in low- or mildly nonlinear scenarios and was therefore widely
used in early integrated navigation systems [20]. When the system becomes highly non-
linear or the state covariance becomes large, the linearization error increases substantially,
reducing accuracy and stability and potentially leading to divergence [21].

To mitigate the limitations of the EKF, the error-state extended Kalman filter (ESKF) has
become a focus of research in recent years [22]. Unlike EKF, ESKF does not directly linearize
the full state of the system. Instead, it constructs an error-state model by decomposing
the system into a nominal state and an error state, linearizing only the error component.
This approach substantially improves numerical stability and estimation accuracy [23].
ESKF has demonstrated good practical performance in scenarios such as steady UAV
flight and mobile robot localization. At the same time, during aggressive UAV maneuvers
(e.g., rapid turns or accelerations), the discrepancy between the assumed error model
and the actual motion increases, leading to significant estimation biases and performance
degradation [24]. Hence, although considerable progress has been made in the theoretical
analysis and application of EKF and ESKF, both remain inherently limited in complex
environments—the linearization of full state in EKF gives rise to non-negligible errors,
and ESKF underperforms in high-dynamic flight. Existing solutions lack flexibility and fail
to ensure accuracy and stability across diverse flight conditions simultaneously.

To further enhance the robustness of integrated navigation filtering, multi-model fu-
sion frameworks have been introduced. The most representative approach is the interacting
multiple model (IMM) method [25]. The IMM algorithm constitutes a classical frame-
work for multiple model adaptive filtering (MMAF), originally proposed by Blom and
Bar-Shalom in 1988 for maneuvering target state estimation in target tracking applications.
IMM constructs multiple parallel sub-models to match different motion modalities, updat-
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ing each model through interaction and probabilistic weighting to achieve high-precision
state estimation in multimodal switching systems [26]. Extending IMM, the interaction
multi-filter (IMF) framework was proposed. Unlike traditional IMM, which only switches
among models of the same filter type, IMF enables dynamic selection and switching among
different filters—specifically EKF and ESKFE.

In this context, this paper proposes a GNSS/INS integrated navigation algorithm
based on the IMF framework. The proposed framework operates EKF and ESKF in parallel
and adaptively switches between them according to the UAV’s flight dynamics, prioritizing
ESKF during steady flight for high-precision estimation and favoring EKF under highly
nonlinear or aggressive maneuvering conditions to maintain filter stability.

The main contributions of this paper can be summarized as follows:

First, an IMF-based integrated navigation framework is proposed to enable coopera-
tive operation and probabilistic switching between EKF and ESKEF, effectively balancing
navigation accuracy and robustness across different flight regimes.

Second, an adaptive model probability update mechanism is developed by integrat-
ing residual-based likelihood evaluation with a maneuver-sensitive preference function.
By jointly exploiting measurement residuals and flight dynamics information, the proposed
mechanism effectively smooths filter transitions and alleviates the switching instability and
lag commonly observed in purely residual-based approaches.

Third, comparative simulations demonstrate that the proposed strategy significantly
outperforms standalone filtering methods in terms of positioning accuracy and robustness.
Furthermore, compared to the adaptive robust EKF (AREKF), the proposed IMF-based ap-
proach exhibits superior resilience to model mismatch and maneuver-induced disturbances,
effectively mitigating error accumulation under highly nonlinear flight conditions.

2. Mathematical Models
2.1. IMU Kinematics and Error Models
An inertial measurement unit (IMU) typically consists of a three-axis accelerometer

and a three-axis gyroscope, whose outputs are used to derive the vehicle’s current attitude,
velocity, and position. The fundamental IMU measurement equations can be expressed as

f~:f+ba+na (1)
@ = w+bg+ng (2)

where f and @ are the measured accelerometer and gyroscope outputs, f and w are the
true values, b, and b, represent accelerometer and gyroscope biases, and 7, and ny denote
measurement noise. The recursive inertial navigation process includes attitude, velocity,
and position updates, as follows:

(1) Attitude update:

Cp = Cyl@ — by — nglx — [w}]xCy (©)

where [-], denotes the skew-symmetric operator and w}, denotes angular velocity of the
navigation frame relative to the inertial frame used to update roll, pitch, and yaw.
(2) Velocity update:
Z)n:cg(f_ba_na)‘f'gn (4)

where v, is the velocity in the navigation frame and g, is the gravity vector.
(3) Position update:
Pn = Un ®)
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These equations describe the ideal inertial navigation process. However, due to bias
and scale factor errors, INS position and attitude errors grow rapidly over time. A common
bias model is the first-order Markov process:

. 1 . 1

where 7, and T, are the time constants, and w, and w is white noise. As a result, IMU
outputs can be regarded as the combination of true values, stochastic drift, and noise—this
constitutes the primary source of errors addressed by the filtering algorithm.

2.2. GNSS Measurement Model

GNSS observations provide position and velocity measurements in the NED frame.

For simplicity, we model GNSS errors as Gaussian. The position observation equation is
given by

zp=p"+np )

where p; is the true position and 7, is measurement noise. The velocity observation
equation is:
zp = 0"+ 1y (8)

where 0" is the true velocity and n, is noise. These measurements serve as reference inputs
for updating the filter.

In practice, GNSS measurement errors arise from satellite clock and orbit errors, iono-
spheric and tropospheric delays, multipath effects, and receiver thermal noise. Ionospheric
and tropospheric delays can be modeled and compensated. Multipath effects and sensor
receiver thermal noise are typically approximated as Gaussian white noise for filtering
purposes. Although this assumption is not entirely accurate, it is effective in integrated
navigation systems.

2.3. System State and Observation Equations

To achieve INS/GNSS fusion within a filtering framework, the system state vector
must be defined. This work adopts the following state representation:

x = [6p" 60" 60 b, by]" (9)

where dp” is the position error, 60" is the velocity error, 46 is the attitude error, and b, and
be are accelerometer and gyroscope biases, respectively. The state equation is:

X =Fx+ Guw (10)

where F is the state transition matrix, w is the process noise, and G is the noise-driving
matrix, describing INS error propagation. The observation equation is built upon the
difference between GNSS measurements and INS estimates:

z. — P

ZZ[F Zn]:Hx—b—n 11)
where H is the observation matrix and # is the measurement noise. These models provide
a unified mathematical foundation for EKF, ESKF, and the IMF framework. EKF directly
linearizes the full state vector, while ESKEF filters the error state to preserve numerical

stability. The IMF framework further enables the parallel execution of both filters and the
dynamic selection of the optimal one.
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This section establishes the mathematical basis of GNSS/INS integrated navigation,
including IMU kinematics and error modeling, GNSS measurements, and system state and
observation equations. These models support the development of the EKF, ESKF, and IMF
framework described in the following section.

3. Integrated Navigation Algorithms
3.1. Extended Kalman Filter Models

The extended Kalman filter is one of the most widely used nonlinear filtering methods
in GNSS/INS integrated navigation. Its core concept is to linearize the nonlinear system
via a first-order Taylor expansion, ignoring higher-order terms, and then perform recursive
estimation using the classical Kalman filter. Assume the system state and observation
equations are:

Xp = fxp_1, Ug—1) + We—q (12)
zr = h(xg) + v (13)

where f(+) is the nonlinear state transition function that propagates the previous state xj_1
to the current state x; using control input u;_1, h(-) is the nonlinear observation function
that maps the current state x; to the expected sensor measurement z;, and wy_; and vy
are zero-mean white noise processes representing process noise and measurement noise,
respectively. The EKF procedure consists of two main steps:

(1) Prediction step

Use the previous state and covariance to predict the current state:

Rk—1 = f(fk—uk—lrukq) (14)
Peje—1 = Fe1 P11 Fq + Qe (15)

where F;_1 is the Jacobian of f(-) with respect to the state. The matrix Q;_; denotes the
discrete-time process noise covariance matrix. It is obtained by discretizing the continuous-
time process noise model under the assumption of a short sampling interval. In this work,
Qy_1 is approximated using a first-order discretization as

Qr_1 ~ GQ.G"ot (16)

where G is the continuous-time noise mapping matrix, Q. is the continuous-time power
spectral density matrix of the system noise, and At is the sampling interval. The matrix Q.
is constructed based on the stochastic error characteristics of the IMU, including velocity
random walk, angle random walk, and the driving noise variances associated with the
first-order Gauss—-Markov models of sensor biases.

(2) Update step

GNSS measurements are used to correct the predicted state:

-1
Ky = Py Hy (Hkpk|kleIZ" + Rk) (17)
Rk = Lpe—1 + K (Zk - h(£k|k71)) (18)
Py = (I — KeHy) Pyr—1 (19)

The EKF is easy to implement, has a moderate computational cost, and performs well
in weakly nonlinear scenarios. However, in highly nonlinear or rapidly varying conditions,
linearization errors can lead to significant bias or even filter divergence.
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3.2. Error-State Kalman Filter Models

The error-state Kalman filter enhances numerical stability and estimation accuracy by
modeling and updating the error state, rather than linearizing the full system state. The
system state is decomposed into a nominal state and an error state:

X=X®ox (20)

where ¥ is the nominal state obtained by integrating inertial equations, and éx is the error
state defined in additive or multiplicative form (e.g., quaternions for attitude). The error
state is propagated according to the error dynamics:

Sx = Féx + Gw (21)

where F is the Jacobian of the error dynamics with respect to the error state, G is the noise
mapping matrix, and w denotes zero-mean Gaussian white process noise associated with
IMU measurement errors.

The continuous-time error dynamics are discretized with sampling interval At. In the
prediction step, since the error mean is maintained at zero, only the covariance matrix
is propagated:

Pyk—1 = Fe1Pe1jk1Fy + Qe (22)

where Py;_; denotes the predicted error-state covariance, and Q1 is the discrete-time
process noise covariance matrix. When GNSS updates are available, the Kalman gain Kj
is computed:

Ki = Py H (HePyr—1 H{ + R) ™! (23)

where Hy is the Jacobian of the measurement model with respect to the error state, and Ry
denotes the measurement noise covariance matrix. Subsequently, the error state estimate
and covariance are updated:

oxpk = Ki(zk — h(Zyp-1)) (24)
Py = (I — KeHg) Py (25)

where z; represents the measurement vector and /(- ) is the nonlinear measurement function
evaluated at the nominal state. Finally, the estimated error is injected into the nominal state.
For attitude, this is performed via quaternion multiplication:

Gnew = 55] Kq (26)

where Jgq denotes the small-angle error quaternion and ® represents quaternion multiplica-
tion. After the injection, the error state vector dx is reset to zero to maintain the validity of
the linearization on the manifold.

Compared to the EKF, the ESKF offers higher numerical stability and better handling
of strongly nonlinear states, such as attitude, and is widely applied in the aerospace, UAYV,
and robotics domains. However, under highly dynamic maneuvers, the assumed error-state
model may no longer accurately represent the true system behavior, which can lead to
performance degradation and, in some cases, inferior performance compared with the EKF.

3.3. Dynamic Filter Selection Under the IMF Framework

The interaction multi-filter framework is inspired by the interacting multiple model
method. IMM is an advanced algorithm used primarily for target tracking and state estima-
tion in dynamic systems, where the behavior of the tracked object can change unpredictably
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over time. Conventional IMM employs homogeneous sub-model sets that modify the state
transition matrix within the EKF framework, essentially preserving a single-filter architec-
ture that cannot simultaneously address the dual objectives of efficiency and robustness.
Moreover, model probability updates in classical IMM rely primarily on observation likeli-
hoods, which provide a direct and theoretically grounded measure of model-measurement
consistency. However, likelihoods alone can be highly sensitive to transient measurement
noise and large residuals during aggressive maneuvers, causing frequent or oscillatory
mode switches. To improve robustness and to account for flight dynamics, we therefore
augment the residual-based likelihood with a maneuver-sensitive prior, so that likelihood
information and dynamics-aware prior jointly determine model probabilities.

The core idea of IMF is to run multiple filters in parallel and dynamically update
their weights based on observation likelihoods, enabling adaptive selection of the optimal
filter under different operating conditions. Unlike traditional IMM, which switches among
models of the same filter type, the IMF framework supports switching between distinct
filtering methods such as EKF and ESKE, allowing their complementary advantages to be
exploited under varying flight dynamics.

To implement the IMF process, the EKF and ESKF operate in parallel at each time step,
generating state estimates and covariance matrices. Filter weighting and selection is based
on the likelihood of residuals. For each filter, the residual is:

i =m—h(g ) @)
Assuming zero-mean Gaussian measurement noise, the residual likelihood is com-
puted as
. 1 1 (DT (n 1 (i
A(l) = 77” exp <27’](<l) S(l) 17’1(;)> (28)
(271)"1S)]

where 1 is the measurement dimension and S() is the residual covariance matrix, given by

s = gi)pl) HOT L g (29)

klk—1
For EKF and ESKF, the measurement Jacobians and covariance matrices are defined in
their respective state spaces, and the likelihood is computed in a consistent measurement
residual space.
The filter linearization error is strongly correlated with angular acceleration and
jerk, which in turn correspond to the derivatives of the angular and velocity increments
measured by the IMU. Accordingly, a maneuver intensity index is defined as

Nl | g 1l (30)

Mk =«
Sw Sa

where wy and 4y represent the time derivatives of gyroscope and accelerometer outputs.
The derivatives are approximated using finite differences of discrete IMU measurements,
followed by a smoothing operation to suppress noise amplification; « and 5 denote weight-
ing factor, default 0.5; s., and s, are normalization factors.

The distinction between steady flight and aggressive maneuvering is not defined by
fixed absolute thresholds. Instead, it is determined relative to the UAV platform capabilities
and the statistical characteristics of the actual flight data. This relative definition ensures
adaptability to different UAV platforms and mission profiles and avoids the use of empiri-
cally fixed thresholds with limited generality.
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. Wi — Wg—1 . ax — Ax—1
¢ At K At G
where At denotes the discrete sampling interval of the IMU. In our experiments, At corre-
sponds to the IMU sampling interval and equals 1/200 s; dataset-specific sampling settings
are reported in Section 4. The derivatives are smoothed using a first-order exponential filter
to suppress noise amplification.

xit =" 4+ (1 —9)x (32)

where v is 0.95. To achieve balanced contributions, the smoothed angular acceleration and
jerk are normalized using scaling factors derived from their respective 95th percentiles
across the dataset. Employing the 95th percentile as the scaling basis avoids undue influ-
ence from extreme outliers while preserving the characteristic magnitude of intense but
plausible maneuvers.

Sw = percentilegs(||wi™||) (33)

sa = percentilegs(||a;™||) (34)

The flight state thresholds are defined based on the maneuver detection index My,
which quantifies the intensity of the UAV’s dynamic motion. These thresholds are used to
classify the UAV’s flight state according to the maneuver intensity. The distinction between
steady flight and aggressive maneuvering is defined relative to the platform capabilities
and the statistical characteristics of the flight data. In this study, when Mj exceeds 0.3,
the UAV is considered to have entered a maneuvering state. A value of My greater than 0.6
indicates that the UAV is in an aggressive maneuvering state.

The filter preference function is defined based on maneuver intensity to dynamically
adjust the transition probabilities. The filter preference functions of ESKF and EKF are
chosen to be smooth, monotonic, and bounded in (0, 1).

feskr(My) = exp(—AMy) (35)
fexe(My) =1 — exp(—AMy) (36)

where f;(M) denotes the maneuver-dependent preference function associated with the ith
filter; frskr decreases and frkr increases with maneuver intensity. The exponential form
is adopted for its simplicity, continuous differentiability, and tunable sensitivity via the
scalar A. This design reflects the fact that EKF does not rely on small-error assumptions
inherent in error-state formulations, making it more tolerant to severe nonlinearities during
aggressive maneuvers.

The transition from steady cruising to aggressive maneuvering in UAVs is typically
abrupt and non-stationary. During such phases, the estimation error may not immediately
increase, while the mismatch between the assumed error model and the actual motion
dynamics grows rapidly. To address this issue, the IMF framework dynamically adjusts the
weight allocation between EKF and ESKF once the maneuver intensity index M exceeds
a predefined threshold. This mechanism enables smooth filter preference adaptation and
mitigates performance degradation and switching transients caused by delayed responses.

In the proposed framework, filter probabilities are jointly determined by the mea-
surement residual statistics and the maneuver intensity. For each filter, an unnormal-
ized weighting factor is first computed as the product of the residual likelihood and the
maneuver-based preference function. The normalized filter probability is then obtained as
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W) = AW fi(My)
CE ADf(My)

where u ki) denotes the probability associated with the ith filter, A is the residual likelihood,
and f;(My) represents the maneuver-dependent preference function.

(37)

Similarly, the transition probabilities between filters are updated based on the prior
transition matrix, maneuver intensity, and residual likelihood. The unnormalized transition
probability is defined as

pij(k) = pijo - fi(My) - AV (38)
and the normalized transition probability is given by
pij (k)
pij(k) = ——— (39)
v 212:1 pi (k)

which ensures that }; p;;(k) = 1.

Common advantages include: ESKF generally exhibits higher precision under small-
error conditions, while EKF tends to be more robust under highly nonlinear dynamics.
By adaptively switching according to the estimated flight dynamics and filter consis-
tency, the proposed IMF framework maintains stable estimation performance across dif-
ferent maneuvering conditions. In summary, the IMF framework effectively combines the
strengths of EKF and ESKE, offering a more robust and flexible solution for GNSS/INS
integrated navigation. The workflow of the IMF algorithm is shown in Figure 1.

GNSS IMU
Dynamic
coordinate mechanization Adap tab%hty
transformation algorithm Evaluation
N
| v |
I \
I ESKF l
: Y i _| Performance
1 - . 1
[ | Evaluation
| EKF I
[ \
I Filter }
| I
1 I
. Filter Transition Probabili
Fusion Output -1 ) v [-—
Matrix Update

Figure 1. Interaction multi-filter framework.

4. Simulation and Analysis

Experimental data were sourced from an open-source GNSS/INS dataset provided
by the Multi-Source Intelligent Navigation Laboratory at Wuhan University. The dataset,
collected in an open industrial area, spans 3412 s (57 min) and comprises raw IMU mea-
surements, GNSS positioning data, and ground-truth reference trajectories. GNSS and
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IMU data were sampled at 1 Hz and 200 Hz, respectively. The inertial measurements were
recorded using a MEMS IMU (ICM20602). According to the dataset specifications, the angle
random walk and velocity random walk of the IMU are 0.2 deg /v'h and 0.2 m/s/v/h,
respectively, while the standard deviations of the gyroscope bias and accelerometer bias
are 200 deg /h and 1000 mGal. For GNSS measurements, the dataset documentation spec-
ifies positioning standard deviations of 0.5, 0.5, and 0.8 m along the latitude, longitude,
and height, respectively. As the specific GNSS receiver model is not explicitly provided in
the dataset documentation, these reported positioning standard deviations were directly
adopted to model the GNSS measurement noise in the navigation experiments. Based on
the ground-truth reference trajectory, the speed ranges from 0 to 15.86 m/s, and the yaw
rate varies between —25.91 and 22.55 deg/s, indicating the presence of both steady-motion
and maneuvering segments. Figure 2 depicts the ground-truth trajectory in the north-east
frame, originating from the starting point and concluding at the endpoint. The path forms
a closed-loop rectangular pattern with multiple turns, spanning approximately 1200 m in
the east direction and 1200 m in the north direction.

2D Trajectory (NE)

1000 4

800

600

400 A

North (m)

200 1
r —
04
—— Truth J
—2001 @ Truth Start \ k y
X Truth End
-1400 —-1200 -1000 —-800 —-600 —400 —200 0 200

East (m)

Figure 2. Ground truth 2D trajectory.

Navigation performance was evaluated by comparing position estimates in the north-
east-down frame with ground truth under three configurations: standalone EKF, standalone
ESKE, and the proposed IMF-based framework, which integrates EKF and ESKE.

Figure 3 illustrates position errors under the standalone EKF implementation. Signifi-
cant deviations are observed, with root-mean-square errors of 0.684 m (north) and 0.716 m
(east), indicating suboptimal positioning accuracy. The corresponding position errors using
the standalone ESKF are shown below:
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Position Errors (N, E, D)

Pos err (m) N

Pos err (m) E
o
o

Pos err (m) D

0 500 1000 1500 2000 2500 3000 3500
Time (s)

Figure 3. Position errors in the NED axes under EKF.

The ESKF-based navigation demonstrates moderate improvement, as shown in
Figure 4, yielding RMSE values of 0.325 m (north) and 0.126 m (east). Although substan-
tial initial errors arise during convergence, their magnitude diminishes as the estimation
progresses. Figure 5 presents position errors under the IMF framework, with quantita-
tive RMSE results summarized in Table 1. The IMF method exhibits markedly smoother
and more stable error profiles across all NED axes compared to standalone filters. Po-
sition RMSE values are reduced to 0.142 m (north), 0.116 m (east), and 0.024 m (down),
representing significant accuracy improvements.

Position Errors (N, E, D)

3.0

154

-1.51

Pos err (m) N

-3.0

0 500 1000 1500 2000 2500 3000 3500
3.0

15
004 WWMWVW\WWWWM
-1.51

-3.0

Pos err (m) E

0 500 1000 1500 2000 2500 3000 3500
3.0

1.54

0.0 NN e AN NN NN e A N N NN

~1.54

Pos err (m) D

-3.0

0 500 1000 1500 2000 2500 3000 3500
Time (s)

Figure 4. Position errors in the NED axes under ESKF.

In the final comparison, we evaluate the proposed IMF method against the AREKF
method presented in reference [27]. The AREKEF is a state-of-the-art integrated navigation
algorithm built upon the interacting multiple model architecture. It addresses system
uncertainties by fusing two distinct sub-models: an adaptive EKF that utilizes variational
Bayesian inference to estimate time-varying process noise covariances online, and a ro-
bust EKF that employs K-means clustering to identify and mitigate measurement outliers.
The AREKF was chosen because it represents an advanced solution that enhances navi-
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gation reliability within a homogeneous filter structure. By comparing the proposed IMF
framework with AREKE, this study aims to evaluate the effectiveness of the heterogeneous
EKF/ESKF switching mechanism relative to representative adaptive EKF-based solutions.
To ensure a fair comparison, the AREKF algorithm was re-implemented using the same
dataset and measurement configurations as those adopted for the proposed method. As
shown in Figure 6, the IMF method exhibits smaller and more stable errors across all
directions. Specifically, in the north direction, the IMF method reduces the error by 14.46%
compared to the AREKF method, and in the east direction, the improvement is even more
pronounced, with a 29.70% reduction in error. These improvements indicate that the IMF
method can effectively mitigate error accumulation and provide more reliable position
estimates during dynamic scenarios.
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Figure 5. Position errors in the NED axes under IMF-based EKF/ESKF.
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Figure 6. Position errors in the NED axes under IMF and AREKF.

The GNSS/INS combined navigation NED position errors under the different algo-
rithms are illustrated as follows, along with the RMSE results summarized in a table:
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Table 1. The RMSE and maximum error of navigation.
Position Error (m) EKF ESKF AREKF IMF
RMSE 0.581 0.250 0.136 0.107
RMSE (N) 0.684 0.325 0.166 0.142
RMSE (E) 0.716 0.126 0.165 0.116
RMSE (D) 0.184 0.256 0.029 0.024
MAX (N) 3.224 1.128 0.898 1.009
MAX (E) 3.272 0.376 0.734 0.567
MAX (D) 0.407 0.583 0.405 0.379

From the figures, it can be seen that the position error curves in the north, east, and down
directions under the IMF method are smoother and more stable. The navigation results show
clear improvements. The RMSE values for position in the three directions are 0.142 m, 0.116 m,
and 0.024 m, respectively, all of which are smaller than those of the EKF and ESKF methods.
These results indicate that the IMF algorithm effectively improves tracking accuracy. When
using standalone filters, the error fluctuations are larger: under EKEF, the position error in
the east direction exceeds 3.272 m, whereas under ESKF it reaches 1.128 m. By contrast,
the IMF-based GNSS/INS algorithm limits the navigation position error to within 1.009 m,
and short-term errors remain constant regardless of the tracking duration.

As observed from the three-axis error plot, during the rapid, large-angle turns of the
vehicle, reflecting the strongly nonlinear and non-stationary motion characteristics in this
interval, all four methods exhibit varying degrees of fluctuations in the navigation results.
Among them, the IMF method and AREKF method demonstrate the smallest fluctuations,
with the IMF method generally maintaining a more stable performance. Notably, in the time
interval from 1000 to 1500 s, the AREKF method exhibits more pronounced fluctuations
than the IMF method. This difference can be attributed to the distinct decision-making
mechanisms of the two approaches. AREKF operates within a homogeneous filtering
structure and relies on adaptive noise estimation and robust statistical processing, whose
effectiveness depends on the convergence of noise statistics and clustering results. Dur-
ing rapidly changing maneuvers, these adaptive processes may respond with a certain
delay, leading to temporary performance degradation. In contrast, the proposed IMF
framework employs a heterogeneous multi-filter architecture, in which EKF and ESKF
run in parallel and are weighted through a joint decision mechanism based on residual
likelihood and maneuver-dependent prior information. The maneuver intensity index
provides an early indication of dynamic changes before significant residual growth occurs,
enabling faster filter preference adjustment. As a result, IMF can more promptly reallocate
filter weights and maintain stable estimation performance under high-dynamic conditions.

In summary, based on the simulation results, although the mean errors exhibit in-
evitable fluctuations during turning maneuvers, they remain smaller than those of stan-
dalone filters, and exhibit better navigation results than the AREKF method. Once turning
is complete, the mean error oscillates around zero without divergence. The model valida-
tion shows that the IMF-based EKF/ESKEF algorithm effectively improves filtering accuracy
and enhances robustness against modeling errors and sensor uncertainties, achieves high
navigation positioning precision, and enhances overall system robustness.

5. Conclusions

This study addresses filtering challenges in GNSS/INS integrated navigation systems,
specifically targeting performance limitations inherent to single-filter architectures in di-
verse operational scenarios. We propose a novel interaction multi-filter framework that
incorporates both EKF and ESKF and enables dynamic model selection. Building on the
classical IMM methodology, the framework enables simultaneous parallel execution of
the EKF and ESKF with probabilistic model updating. By real-time maneuver intensity
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index and likelihood evaluation of each filter’s performance, followed by dynamic model
weighting and selection, this approach effectively mitigates the inherent constraints of
standalone implementations while ensuring robust and stable navigation performance.

The simulation results demonstrate that the proposed IMF framework yields signifi-
cant improvements in GNSS/INS integrated navigation accuracy over standalone EKF and
ESKF implementations. The dataset trajectory features numerous large-angle right-angle
turns, which more effectively showcases the enhanced reliability and robustness of the IMF
architecture compared with single-filter approaches.Simulation analyses confirm that the
proposed IMF framework significantly enhances the adaptability of navigation systems in
complex environments. The IMF-based solution demonstrates superior positioning accuracy
and robustness compared to independently implemented EKF and ESKF methodologies.
The AREKF method significantly outperforms the EKF method, but its triaxial RMSE error
and overall error are still higher than those of the IMF algorithm. Experimental validation
establishes its capabilities in: (i) reducing estimation errors, (ii) suppressing INS sensor drift,
and (iii) maintaining stability during nonlinear trajectories and high-dynamic maneuvers.

Future research will pursue two primary directions. First, it will extend the IMF frame-
work to incorporate multi-sensor fusion (e.g., GNSS/INS/LiDAR/vision integration) to
enhance positioning resilience in GNSS-denied environments. In parallel, implementation-
oriented studies will be conducted to investigate real-time realization of the IMF framework
on embedded onboard computing platforms for multirotor UAVs. These efforts will focus on
evaluating real-time computational performance, filter switching behavior, and robustness
under representative dynamic flight conditions, thereby facilitating practical deployment
of the proposed approach in onboard GNSS/INS navigation systems. Second, integrating
machine learning algorithms or adaptive statistical mechanisms to optimize the IMF transition
probability matrix, thereby improving real-time adaptation to diverse operational conditions,
will be pursued. These advancements will enable next-generation navigation systems with
enhanced accuracy, greater robustness, and improved computational efficiency.
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