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GNSS-Inertial State Initialization Using Inter-Epoch
Baseline Residuals

Samuel Cerezo!, Javier Civeral

Abstract—Initializing the state of a sensorized platform can
be challenging, as a limited set of measurements often provide
low-informative constraints that are in addition highly non-
linear. This may lead to poor initial estimates that may converge
to local minima during subsequent non-linear optimization.
We propose an adaptive GNSS-inertial initialization strategy
that delays the incorporation of global GNSS constraints until
they become sufficiently informative. In the initial stage, our
method leverages inter-epoch baseline vector residuals between
consecutive GNSS fixes to mitigate inertial drift. To determine
when to activate global constraints, we introduce a general
criterion based on the evolution of the Hessian matrix’s singular
values, effectively quantifying system observability. Experiments
on EuRoC, GVINS and MARS-LVIG datasets show that our
approach consistently outperforms the naive strategy of fusing
all measurements from the outset, yielding more accurate and
robust initializations.

Index Terms—SLAM, Sensor Fusion

I. INTRODUCTION

TATE initialization is a well-known challenge in sensor

fusion, as evidenced by extensive research in the visual-
inertial domain [1], [2], [3]. Early sensor measurements often
carry limited information, and certain states may even be
unobservable. As a result, initial estimates can be highly inac-
curate, leading to convergence toward local minima rather than
the global optimum. Although this problem has been widely
studied in the visual-inertial domain, analogous challenges
may arise in other sensor fusion modalities.

In this paper, we demonstrate that state initialization is
equally critical in GNSS—inertial systems, where naive strate-
gies may cause inconsistent estimates. We propose a two-stage
initialization method that postpones the use of global position
measurements until they become sufficiently informative. To
determine the appropriate timing, we derive a general criterion
that evaluates the informativeness of the available data for
accurate state estimation. During the initial stage, the method
relies solely on inter-epoch baseline vectors between GNSS
measurements, effectively mitigating inertial preintegration
drift. Experimental results show that our approach consistently
outperforms the naive strategy of fusing all measurements
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Fig. 1. Illustration of our GNSS-inertial state initialization. a) Global residuals
remain inactive while the system lacks informative measurements. b) At
time k*, the GNSS-inertial measurements provide sufficient information to
meet our criterion, enabling the inclusion of global constraints for accurate
alignment.

from the outset. Note that we do not target steady-state
navigation [4], but producing robust and accurate initialization
estimates to reliably bootstrap UAVs and other mobile robots
in field conditions.

The complementary nature of GNSS and inertial sensors
motivates the need for such an initialization strategy. GNSS
provides global positioning capabilities fundamental to modern
navigation, but its accuracy can degrade under multipath, at-
mospheric effects, or obstructed satellite visibility [5]. Inertial
sensors, by contrast, offer high-frequency motion cues that
are immune to external disturbances, but their integration
inevitably leads to cumulative drift. Moreover, under certain
motion patterns—such as constant velocity or straight-line
trajectories—inertial states may become only partially observ-
able. These limitations underscore the importance of principled
initialization methods that can exploit early measurements
effectively and ensure robust fusion performance.

II. RELATED WORK
A. GNSS-inertial alignment

Several methods have been proposed for GNSS-inertial
alignment, particularly in scenarios involving low-cost MEMS
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sensors and challenging motion conditions. Shin and EI-
Sheimy [6] introduced an Unscented Kalman filter (UKF)
framework for in-motion alignment, capable of handling large
initial attitude uncertainties without stationary initialization.
Zhang et al. [7] later proposed a velocity-based optimization-
based alignment (VBOBA) method that exploits GNSS ve-
locity vectors to improve heading observability under low-
dynamic conditions. Groves [8] provides a comprehensive
treatment of transfer alignment techniques, where a high-grade
reference system supports the initialization of a secondary
INS in motion. Wu and Pan [9] further derived the ve-
locity/position integration formula, laying theoretical founda-
tions for subsequent optimization-based alignment techniques.
These approaches remain highly relevant and complementary.
In contrast, our method is designed to guarantee robust ini-
tialization that prevents divergence, rather than aiming at fine-
grained in-motion alignment, and thus provides a different
but compatible contribution to the GNSS-inertial initializa-
tion literature. Wu et al. [10] introduced RA-JAPE, a time-
recursive Newton—Lagrange optimization that jointly estimates
attitude, IMU biases, and the GNSS lever arm, enabling self-
initialization and outperforming state-of-the-art methods.

B. GNSS-IMU localization beyond filtering

In the absence of vision or contextual information, GNSS-
inertial fusion remains crucial, particularly in cost-sensitive
or resource-constrained applications. He et al. [11] developed
an adaptive robust Kalman filter that suppresses outliers in
GNSS signals, ensuring stable integration in scenarios with
signal degradation or interference. Kim et al. [12] addressed
computational efficiency by a compressed fusion strategy that
embeds GNSS-inertial fusion within a SLAM-like architec-
ture, maintaining reliable estimates with reduced complexity.
Zhang et al. [13] proposed the KGP algorithm, which enhances
error-state updates in INS/GNSS integration through improved
modeling, resulting in a more accurate and stable positioning
across dynamic navigation tasks.

Beyond linear error-state filtering, factor-graph optimiza-
tion (FGO) offers a flexible backend to fuse IMU prein-
tegration with GNSS observations (code, carrier, Doppler),
often yielding higher accuracy and resilience under degraded
satellite geometry [14], [15]. Robustness to outliers and mis-
modeling can be handled with robust costs and switchable
constraints, which softly activate/deactivate factors based on
consistency—a mechanism closely related to observability-
aware gating [16].

Unlike methods based on linear models and filtering, our
approach formulates the problem as a nonlinear optimization,
providing increased flexibility and accuracy in modeling sys-
tem dynamics. In the early stages, the formulation includes
inter-epoch baseline vectors (i.e., consecutive GNSS position
differences) which ensure geometric consistency without re-
quiring global alignment. Once full observability is achieved,
these relative residuals are deactivated and replaced by abso-
lute position residuals, enabling direct alignment to the global
frame. This switch is governed by an observability-based
mechanism that ensures global constraints are introduced only

when the estimation problem is sufficiently well-conditioned,
thereby improving trajectory consistency and overall robust-
ness.

III. NOTATION AND BACKGROUND

Throughout this article, bold lower-case letters (x) repre-
sent vectors and bold upper-case letters (3) represent matri-
ces. Scalars will be denoted as light lower-case letters (o)
and functions by light upper-case letters (J). Six-degrees-of-
freedom motion will be represented by the rotation matrix
Rwp € SO(3) and translation vector Wp € R3.

Optimization is carried out on the tangent spaces s0(3) and
s¢(3) of SO(3) and SE(3), respectively, using the exponential
and logarithmic maps for retraction-based updates [17]. We
use the hat operator (-)" : R3 — s0(3), which maps a 3D
vector to its skew-symmetric matrix, and the vee operator
(-)¥ : s0(3) = R3, its inverse. Closed-form expressions for the
exponential/logarithmic maps and the inverse right Jacobian
of SO(3), required for linearizing rotational residuals, are
detailed in [14].

A. IMU dynamics

An IMU consists typically of an accelerometer and a three-
axis gyroscope, and measures the angular velocity w and linear
acceleration of the sensor a with respect to a local inertial
frame. We will denote the IMU measurement at time instant &
as B&y, and Bay,. These measurements are affected by additive
noise 19, n® € R3 and two slowly varying sensor biases b?
and b® € R3, which are the gyroscope and accelerometer
bias, respectively. These model is formulated by (1) and (2).
The prefix Z. denotes that the corresponding magnitude is
expressed in the body reference frame B.

Boy, = Bwy + bl +nf (1
Bar =Ry (Var, — Vg) + b+ )

We can use the relative motion increment Av;; = R/ (v; —
—gAt;;), in order to obtain a gravity vector estimation g*

as follows RA
V; —V; WA\
g* _ J o J . (3)
Atij Atij

B. Noise propagation
The covariance matrix of the raw IMU measurements noise
X, €S8 is composed' by sub-matrices X, Xy € S,

| 0353 ] @)

where 03,3 is a 3x3 matrix for which all its elements are equal
to zero.

Following the computation of the prelntegrated noise
covariance in [14], we consider the matrix n3 =

'By St ={E¥eR™" | X = 2T, 3 = 0} we denote the set of n x n
symmetric positive semidefinite matrices.
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Fig. 2. Illustration of the temporal notation for IMU and GNSS measurements.

[0, v, (5piT,€JrT and defining the IMU measurement noise

771'? = [ngd, ngd} , the noise is propagated as

Eij = Aj—lzij—lA;r_l + Bj_lanT (5)

J=b

with initial conditions X;; = 0gxg9. Matrices A;_; € R9%9
and B;_; € R%%%, together with the corresponding covariance
propagation rules, are expressed explicitly in [18]. The noise
matrix X;; € Si captures the uncertainty of rotation, velocity,
and position increments and is a key component in defining
the residuals in the next section.

C. Gravity direction representation

Since the gravity magnitude is known, an appropriate rep-
resentation is through its direction vector. Unit-norm vectors
lie on the sphere manifold S?, which has only two degrees
of freedom. As S? does not form a Lie group, we adopt the
local perturbation model proposed in [19]. Given unit vectors
g; € S? and a local perturbation § € R2?, the B and B
operators are defined as follows

g1 B0 = Rg, Exps(8), 82881 = Logs: (R} 82),

where Rg, € SO(3) is a rotation matrix that aligns g; with
the vertical axis, ensuring that perturbations remain tangent
to the manifold. The explicit expressions are provided in [20].
This parametrization enables a minimal and numerically stable
representation of gravity direction perturbations while preserv-
ing the unit-norm constraint. Unit vectors g; can be locally
parameterized using 2D perturbations in the tangent space at
. The mapping from a local perturbation § € R? to a variation
in the ambient space R? is given by the Jacobian Jg> € R3*2,
This Jacobian is constructed from an orthonormal basis B of
the tangent space, such that Jg2 = B, with

g’ B=0, B'B=1I,.

This construction ensures that perturbations remain on the
tangent plane and respect the unit-norm constraint, in line with
standard manifold-based estimation strategies [21], [22].

IV. GNSS-INERTIAL INITIALIZATION

Our goal is estimating the state x of a sensing platform
equipped with GNSS and inertial sensors. The information
from both arrive at different rates, as shown in Fig. 2. The
state consists of the device’s rotation, position, linear velocity,
IMU gyroscope bias, and gravity direction at different time
steps. We define the general state x as

T
T T T T T AT
X:|:X13X27"',Xka"'7XNabg 8 :| ) (6)

where .
T . T, T T
X = [Rk y P » Wi 7Vk}

; (7

and Ry € SO(3) denotes the rotation matrix, pr, € R the
position, wy, € R3 the angular velocity, v, € R? the linear
velocity, and b9 € R? the gyroscope bias. We assume a
known gravity magnitude ||g||= 9.81 m/s? and only optimize
the gravity direction (See Sec. III-C). The optimization is
initialized with the identity quaternion, and the short initial
window jointly refines attitude, gravity, and IMU biases. The
IMU rotational increments, together with the GNSS inter-
epoch baselines, supply enough geometric constraints to en-
sure reliable yaw convergence, without the need for additional
heading priors. It is worth noting that the proposed method
does not require high-rate GNSS measurements. The key
requirement is the availability of inter-epoch baselines that are
sufficiently informative, which depends on platform motion
rather than on GNSS sampling frequency.

A. Cost function formulation

We formulate a nonlinear optimization problem over the
state variables x, incorporating constraints from inertial prein-
tegration and GNSS measurements. The objective is to find
the optimal estimate X that minimizes a joint cost function
J(x):

X = argmin J(x). (8)

X

This cost function aggregates several residual terms, each
encoding information from a different sensor modality or
physical constraint. We begin with the angular velocity resid-
ual r,, € R3, which captures the discrepancy between
the measured and predicted gyroscope readings. Assuming
additive Gaussian noise n9 ~ N (0,X,,), we define:

ro, = Pwip — (P&, —bj) 9)

Next, we introduce the IMU preintegration residuals, fol-
lowing the formulation of [14]. These include the rotation,
velocity, and position residuals rARr,TAv,TaAp € R3:

(10)

(11)
1 -

rap = R (pj — pi — vildt;; — §gAt3j) —Ap; (12

rar = Log (ARiTjRiTRj)
Av = :R,;r (Vj —V; — gAt”) — A\N’”

Each of these residuals is weighted by its corresponding
covariance matrix, denoted a4, 3Av, Xap € R3%3 as
described in Section III-A.

To incorporate GNSS constraints, we consider the following
measurement model:

P} =pr +1ni, np~N(0, X))

Our formulation will use either global GNSS residuals when
fully initialized, and inter-epoch GNSS baseline residuals
initially. Accounting for the physical offset between the IMU
and the GNSS antenna, the global residuals r, € R? are
defined as:

I%NSS nE

r, = pr + Ry — P} (13)

where 1955 is the fixed lever-arm vector from the IMU to the
GNSS antenna expressed in the body frame. Inter-epoch GNSS
baseline vector refers to the 3D displacement of the antenna
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phase center between two time instants. Inter-epoch GNSS
baseline vector residuals ry € R3 enforce local trajectory
consistency by inter-frame motion constraints between time
instants 5 and k. To account for the physical offset between
the IMU and the GNSS antenna, the lever arm is included in
both poses, as follows

rq = [p; + R 1T — pp — R 155] — (p2 — p%), (14)

Following [8], throughout this work, we assume that the
GNSS-IMU lever arm 18NS € R? is pre-calibrated.

The global GNSS error is propagated to the inter-epoch
baseline residuals as 34 = 233,

Additionally, we incorporate a gravity residual ry € R3,
based on the discrepancy between the estimated acceleration
and the known gravity direction. Following the model intro-
duced in Section III-C, we define:

(Vj —V; RiAVij
rg = —

)-lgle). a5
where g§ € S? denotes the estimated gravity direction and
lgll= 9.81 m/s” is the known gravity magnitude. Assum-
ing the dominant uncertainty arises from inertial preintegra-
tion, the associated covariance is approximated as Xy =
YAv / Atfj.

Finally, the overall cost function is constructed as a sum
of squared Mahalanobis norms. During initialization, the cost
function is

N

Ji(2) =" (IIrsp.

i=1

2 2 2
Sap + HrAv,iHEAV + Hrw,illzw

2 2
bao) 2 Il

J,kes

2
+ lrgalls, + Irar.

where N denotes the number of GNSS measurements included
in the optimization, and S the set of GNSS pairs considered
for the distance constraints. After the initialization criterion is
met, the cost function is switched to the following one, that
replaces inter-epoch baseline GNSS residuals by the global
GNSS ones

J() =3 (Irap.

i=1

2 2 2
2ap T Iavils,, +lrells,

+ [Irg,:

2 2 2
%o+ Irarils,, + il

B. Observability Analysis

Observability in nonlinear systems is traditionally analyzed
through successive Lie derivatives of the output function h(x)
with respect to the system dynamics x = f(x). This process
leads to the construction of a nonlinear observability matrix by
stacking gradients such as Vh(x), VLh(x), VL7h(x), and
higher-order terms [23]. In this work, we adopt a discrete-
time perspective in which observability is assessed by lin-
earizing the measurement residuals over multiple time steps.
Although Lie derivatives are not computed explicitly, the
Jacobians of these residuals capture the system’s sensitivity
to its internal state in a manner analogous to the continuous-
time formulation. This strategy has been studied and justified

in [24], [25], where it is shown that the rank of the stacked
Jacobian matrix determines the locally observable directions
and directly affects estimator consistency. Therefore, we apply
this methodology to analyze the observability of our system
within a discrete-time factor graph formulation. Specifically,
we consider a temporal window spanning two consecutive time
steps, denoted as {t;,t;}, and define the corresponding state
vector as

X = [Rivv’hp?ﬁ ijvjapj7 bgag] S R23' (16)

To analyze the system’s observability, we construct the ob-
servability matrix O by stacking the Jacobians of all residuals
in the cost function with respect to the state vector (16), as
follows

O:

[G”AR T ora, T Orap | Org ! Orp, |

ox 0% ' Ox ox ) Ox

.
T
Orp, or, T Org T:|

’ Ox

Y Ox ) Ox ox
(17)

) Bx

Based on the residual definitions introduced in Sec-
tion I'V-A, the explicit expression of the observability matrix O
is shown in Fig. 3, while Fig. 4 illustrates its structure
graphically: each row corresponds to a residual and each
column to a state variable. Nonzero entries are marked in
color, with gray indicating general contributions and orange
highlighting relative-only constraints.

A symbolic evaluation shows that O has a maximum rank
of 23. This is lower than the number of columns because
the GNSS relative constraint is linearly dependent on the pair
of absolute constraints, contributing six independent equations
instead of nine. To resolve this underconstrained setup during
initialization, we assume the first pose is known. Fixing
position, velocity, and orientation at ¢y reduces the number of
unknowns from 23 to 14. In this reduced system, O achieves
rank 11, with the unobservable directions mainly linked to the
second pose, gyroscope bias, and gravity orientation.

The actual rank of O depends on platform motion. In
constant-velocity, straight-line trajectories, the accelerometer
measures only gravity, making accelerometer bias and gravity
indistinguishable. Likewise, without rotational excitation, yaw
and gyroscope bias cannot be reliably separated. In both cases,
the associated Jacobian columns become linearly dependent,
reducing the rank of O. This can be seen directly from our
residual formulation. The velocity and position preintegration
residuals (ra,, T ap) contain both accelerometer bias and grav-
ity terms (—R; and —|/g||R; At;;). With nearly constant
attitude and no non-gravitational accelerations, these Jacobians
collapse, causing the two states to be inseparable. Similarly,
the angular velocity residual r,, and the rotational residual
rar constrain yaw and gyroscope bias only if the platform
undergoes rotations; otherwise, their Jacobians degenerate and
yaw couples with by,. As a result, certain motion patterns
manifest as rank deficiencies in Fig. 3. Informative maneuvers
combining accelerations and rotations are therefore essential
to restore full observability [8].

Our approach does not rely on external priors for orientation
or gravity. Instead, it leverages the coupling between inertial
preintegration and GNSS measurements to progressively con-
strain the state. The simplifying assumptions at initialization
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Fig. 3. Structure of the full observability matrix O, obtained by stacking the Jacobians of all residuals with respect to the state vector x. The Jacobian J,- ! (¢)
denotes the inverse of the right Jacobian of SO(3), evaluated at the rotational error ¢ = Log(ARiTj RiT R ;). The last row accounts for the gravitational
constraint, where the gravity direction § € S? is parametrized on the unit sphere and its Jacobian is denoted by Jg2. Accounting for the GNSS—inertial
lever arm makes GNSS residuals orientation-sensitive. Absolute terms inform attitude at their node and relative baselines at both endpoints, boosting yaw/bias
observability under rotation while reducing to position-only if the arm is negligible.
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Fig. 4. Structure of the observability matrix 0. Each row corresponds to
a residual and each column to a component of the state vector. White cells
indicate matrices with zero values, meaning no sensitivity to that state. Gray
cells represent general nonzero Jacobians that contribute to observability. Or-
ange cells denote relative constraints that do not improve global observability.

are temporary: as the estimation window {¢;,t;} advances and
new measurements overlap, additional constraints accumulate
and observability improves. This progressive recovery, also re-
ported in [26], motivates our criterion that delays the activation
of global GNSS residuals until the system has been sufficiently
excited, thereby avoiding premature anchoring to noisy abso-
lute positions and improving initialization robustness.

C. Triggering Criterion for including Global Residuals

While the IMU provides relative motion information, GNSS
delivers absolute position measurements. In order to effectively
integrate these two sources of information, a rigid transforma-
tion denoted as Ty g € SE (3) is employed. Fig. 5 illustrates
the aforementioned concept, depicting GNSS measurements
as green squares and IMU data points as blue circles. While
GNSS provides globally-referenced position information, it
typically suffers from higher noise levels. In contrast, IMU
measurements are available with lower short-term noise, but
they are subject to significant drift over time due to biases and
integration errors. To ensure a robust estimation of Ty g, we
postpone its optimization until a sufficient number of GNSS

Fig. 5. Initialization with GNSS measurements are shown as green squares,
while IMU data are represented as blue circles. Alignment ensures that relative
motion inferred from the IMU is consistent with the global trajectory.

measurements have been accumulated. This delay increases
the system’s observability and reduces sensitivity to early-
stage noise, as the integration of additional data improves
excitation and allows for statistical averaging.

In order to determine the triggering time instant k*, we
evaluate the observability of the extrinsic transformation Ty g
by analyzing the singular values of an approximate Hessian
matrix built from GNSS-only residuals. These residuals in-
clude one relative term (i.e., displacement between consecutive
GNSS positions) and two absolute anchor terms (i.e., global
positions expressed in the world frame). The Hessian matrix
is obtained by linearizing the aforementioned residuals with
respect to the six parameters of Ty p, yielding the following
approximation:

N
H~ Y J .y,
k=1

(18)

where J;, € R%%6 is the Jacobian of the residuals at time step
k with respect to Ty g, and Qi = E,;l € Sg_ is the inverse
covariance matrix of the stacked GNSS measurement noise.
To assess the structure and conditioning of the optimization
problem, we compute the singular value decomposition (SVD)
of the resulting Hessian H € Sf_. From this decomposition,
we obtain a set of singular values and define the singular value
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ratio as pr = Omax/Omin, Where omin and omax denote the
smallest non-zero and the largest singular values of H, respec-
tively. Rather than incorporating global residuals prematurely,
we defer their inclusion until the estimation problem becomes
sufficiently constrained. To decide when to activate global
alignment, we monitor the evolution of the relative change
in the singular value ratio:

Pk — Pk—1

Apk =
Pk—1

. (19)

A large value of Ap indicates that the observability of
the system is still evolving, whereas consistently low val-
ues suggest that the structure of the Hessian has stabilized
and the states are observable. Based on this, we introduce
global GNSS residuals and begin estimating the transformation
Ty p only when the system becomes sufficiently constrained.
Specifically, we activate these terms once the following con-
dition is met:

Apk < Apth y (20)

where Apy, is a fixed threshold. The index k* denotes
the time at which this criterion is satisfied. This activation
rule complements our observability analysis by providing a
concrete and data-driven signal for when global residuals can
be safely introduced. In contrast to prior methods that rely
on heuristic indicators or manually tuned thresholds [27],
[25], our approach monitors the evolution of the Hessian’s
conditioning to make this decision autonomously.

V. EXPERIMENTS AND RESULTS
A. Experimental setup

All experiments were run on an Intel Core i7-11700K CPU
(3.6 GHz, 64 GB RAM) using the open-source PyPose
library [28] for Lie group operations and optimization. We as-
sess tracking performance using the Root Mean Square of the
Absolute Trajectory Error (ATE RMSE |) Besides trajectory
accuracy, we report RMSE of gyro bias estimates and heading
(yaw) error after initialization, following [29]. The EuRoC
and GVINS datasets were selected as standard benchmarks
in GNSS—inertial fusion [30]. We additionally evaluate on
the MARS LVIG dataset, which contains large-scale outdoor
trajectories. Sequences collected including manual flights at
a low-altitude (20 m) were used in our experiments. Unlike
EuRoC and GVINS, it features long GNSS outages and
stronger dynamics, providing a more challenging benchmark
for testing the robustness of our initialization.

B. Synthetic experiments

We conduct two complementary analyses on synthetic
GNSS data, designed to isolate and better understand the in-
fluence of different modeling choices within our optimization
framework.

First, we evaluate two alternative formulations of GNSS
residuals within the same nonlinear optimizer and under a
fixed-size sliding window. In the absolute variant (Al), we
introduce absolute position constraints at each epoch, defined

as 7P = pUNSS _ p, (x). In the inter-epoch variant (A2),

TABLE I
EUROC (MEAN =+ STD OVER 10 RUNS). GNSS RESIDUALS: Al =
ABSOLUTE POSITION; A2 = INTER-EPOCH BASELINE.

_ A2-Al
A% = AT X 100.
op [m] Al Pos. [ m] A2Pos. [l m] A% (A2—Al)
0.2 0.05 £+ 0.01 0.05 &+ 0.01 0.0
1.0 0.53 4+ 0.03 0.51 + 0.04 -3.8
2.0 1.64 £+ 0.08 1.44 + 0.08 —12.2

5 —— Apk (seq. MHO5) 5 —— Apk (seq. MHO3)
A e Apeh —af e
= =
23 53
g 2 g 2
S S
S S
S 0 S0
S S)
= =
0 P RS ORI SR, WSS PORRD SOOI SO MO a) 5% R . N { b)).
-3 3

2 4 6 8 10 12 14 16 18 20
GNSS measurement index k

2 4 6 8 10 12 14 16 18 20
GNSS measurement index k

Fig. 6. Example of our activation criterion for two EuRoc sequences. a) On
the MHO5 sequence, the criterion results in k* = 9 GNSS measurements;
b) on the MHO3 sequence, it suggests £* = 15 GNSS measurements. The
dashed blue line represents the observability threshold Ap,p,.

we instead enforce consistency between consecutive GNSS
baselines, with residuals rp2s¢ = (pGNSS —pGNSS) _(p, (x)—
Pr—1(x)). Both use identical weights, robust loss, window
length, and stopping criteria, ensuring a fair comparison. The
evaluation is carried out on EuRoC by varying the GNSS noise
level from o, = 0.2 to 2.0 m, repeating each configuration ten
times for statistical significance.

As shown in Table I, the two strategies yield similar perfor-
mance under low-noise conditions. However, as GNSS quality
deteriorates, the inter-epoch formulation (A2) proves more
robust, leading to lower trajectory errors while maintaining
essentially unchanged heading and gyroscope-bias estimates.
These results suggest that inter-epoch baseline residuals are
better suited for GNSS-challenged regimes, a design choice
further validated with real GNSS data in the following sub-
sections.

Second, we assess the effect of delaying the activation of
global residuals and optimizing the rigid transformation T g
using: (i) EuRoC MAV [31], where GNSS is synthetically
generated by adding zero-mean Gaussian noise with o, =
0.2 m to motion-capture ground truth following [30]; and
(i) GVINS [32], which provides real outdoor IMU and high-
rate RTK-GNSS. For GVINS, we extract IMU/GNSS data and
align positions to the UTM frame.

A central question in this setup is when to activate global
position residuals. Incorporating them too early, while the
system is weakly constrained or underconstrained, can de-
grade accuracy. Delaying their incorporation until sufficient
GNSS measurements are available allows the optimizer to
use them more effectively. To address this, we proposed an
observability-based triggering criterion that determines the
appropriate instant to introduce global constraints. Fig. 6 illus-
trates the evolution of the relative change Apy, for two EuRoC
sequences. When the curve drops below the observability
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Fig. 7. RMSE values for different EuRoc sequences. x-axis represent the
number of GNSS measurements accumulated before including global residuals
in the optimization.

threshold Apy, = 1072, the system is considered sufficiently
constrained to support the inclusion of global residuals. For
instance, the criterion suggests £* = 9 GNSS measurements
for MHO5 and k* = 15 for MHO3.

Finally, Fig. 7 shows the impact of this strategy on posi-
tion accuracy. The x-axis in the figure denotes the number
of GNSS measurements accumulated before enabling global
residuals in the optimization. The full set of 100 measurements
corresponds to a trajectory of approximately 20 m. Activating
global residuals prematurely increases error, whereas deferring
them according to the proposed criterion leads to significantly
lower trajectory error. These results highlight the importance
of delaying global constraints to mitigate the effects of early
noise and uncertainty.

Table II extends this analysis by reporting the activation in-
dex k* and the resulting errors across EuRoC and GVINS. Our
method consistently achieves lower position errors than the
baselines, with the largest gains in sequences such as MH_03
and Indoor-outdoor. On average, trajectory error is reduced by
about 4%, reaching up to 20% in specific cases. These results

TABLE II
k* —INDEX OBTAINED BY OUR OBSERVABILITY CRITERION AND POSITION
ERRORS. ‘P0OS. ERROR (FULL)’ REFERS TO ATE RMSE [| m] WHEN
USING GNSS GLOBAL RESIDUALS FROM THE OUTSET, WHILE ‘POS.
ERROR (FROM k™)’ SHOWS RESULTS WHEN GLOBAL RESIDUALS ARE
INTRODUCED AT k*. NOTE CONSISTENT IMPROVEMENTS BY DELAYING
GLOBAL RESIDUALS UNTIL k*.

Dataset Sequence k*—index Pos. Error (full) Pos. Error (from £*)

EuRoC MHO1 11 0.058 0.057
MHO02 12 0.051 0.049
MHO03 15 0.051 0.040
MHO04 21 0.044 0.043
MHO05 9 0.049 0.050
V101 20 0.048 0.046
V102 10 0.041 0.040
V103 30 0.053 0.052
V201 21 0.051 0.050
V202 10 0.061 0.057
V203 12 0.042 0.040
GVINS Sports field 19 0.52 0.50
Indoor-outdoor 49 0.52 0.50
Urban driving 10 0.54 0.53

TABLE 111
MARS-LVIG DATA EVALUATION. PER-SEQUENCE HEADING [deg] AND
GYROSCOPE-BIAS [rad/s] ERRORS FOR EKF, RA-JAPE [10], AND OURS.
BEST PER ROW IS BOLDED.

Heading Err. [| deg] b9 Err. [ rad/s]

Sequence | EKF  RA-JAPE Ours | EKF  RA-JAPE  Ours
airportl 1.64 1.61 1.59 | 0.048 0.044 0.040
airport2 1.73 1.70 1.68 | 0.052 0.048 0.044
airport3 1.79 1.78 1.75 | 0.052 0.044 0.045
island1 1.30 1.31 1.32 | 0.040 0.040 0.038
island2 1.41 1.40 1.39 | 0.040 0.040 0.036
island3 1.56 1.52 1.50 | 0.048 0.044 0.040
townl 1.57 1.54 1.52 | 0.044 0.044 0.040
town2 1.66 1.60 1.61 | 0.048 0.044 0.048
town3 1.74 1.73 1.70 | 0.048 0.046 0.045

validate the observability-based activation strategy, showing
that postponing the inclusion of global residuals until the
system is sufficiently constrained improves both accuracy and
robustness across diverse datasets.

C. MARS-LVIG experiments

We further validate our approach on the MARS-LVIG
dataset [33], which provides multi-sensor UAV sequences with
data collected across diverse large-scale outdoor scenes. We
follow the same experimental setup, but in this case we report
errors in heading and gyroscope bias, comparing our method
against state-of-the-art techniques: EKF and RA-JAPE [10].
This evaluation allows us to assess not only the impact
on position accuracy, but also the ability of the proposed
activation strategy to improve attitude estimation and bias
calibration under realistic field conditions. Across the nine
UAV sequences in Table III, the largest benefits appear on
gyroscope bias: improvements reach up to +16.7% versus
EKF on airportl and island3, and +10.0% versus RA-JAPE
on island2. Averaged across sequences, bias error decreases
by +11% versus EKF and +5% versus RA-JAPE, with best
results in 7/9 sequences. For heading, the best-case gains
are +4% versus EKF on island3 and +2% versus RA-JAPE
on town3; averaged across sequences the gains are +3% and
+1%, respectively, and we obtain the lowest heading in 6/9
sequences. A few reversals remain (e.g., islandl/island2 for
heading, fown2 and airport3 for bias), which we attribute to
more challenging GNSS geometry or intermittent availability.
While small in magnitude, such reductions are meaningful, as
sub-degree yaw errors at initialization may accumulate into
long-term drift [34]. Improving heading and bias estimates
yield a more reliable initial state for later GNSS-inertial
tightly-coupled non-linear optimization.

Overall, the trend indicates that inter-epoch baseline GNSS
residuals with activation substantially improve bias estimation
while maintaining competitive heading accuracy under realis-
tic, large-scale flights.

VI. CONCLUSIONS

In this paper, we introduced a GNSS-inertial initialization
method formulated through inter-epoch baseline residuals. We
also proposed a principled activation criterion that defers the
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inclusion of global residuals until the problem is sufficiently
well-conditioned, as determined by an observability analysis.
Experiments on EuRoC, GVINS and MARS-LVIG datasets
confirm that this strategy yields accurate and robust trajectory
estimates under a variety of operating conditions. Furthermore,
our approach generalizes effectively to realistic GNSS deploy-
ments, providing consistent improvements not only in position
accuracy but also in heading and gyroscope-bias estimation.
Taken together, these results validate the proposed method
as a reliable initialization strategy across both controlled
benchmarks and challenging real-world scenarios.
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