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Abstract

Visual-inertial odometry (VIO) plays a key role in modern navigation and mapping systems. For their successful integration, an
initialization phase, in which IMU-related bias factors are estimated, becomes a fundamental step. Without one, the subsequent non-
linear estimation of the platform pose may fail to converge or completely diverge. As reliance on visual and inertial information may
exhibit instability due to error accumulation with time, incorporating absolute positioning information through global navigation
satellite system (GNSS) measurements, may enhance its robustness and accuracy. Accordingly, GNSS and visual-inertial initializ-
ation frameworks have been receiving growing attention in recent years where current strategies tend to follow a loosely-coupled
formulation that first initializes the VIO trajectory, and then aligns it with GNSS measurements. Such strategies are multi-stage,
nonlinear, and computationally expensive, motivating us to introduce an alternative framework in which GNSS position is integrated
with the raw visual-inertial measurements to form absolute translation constraints. Accordingly, we achieve a closed-form, linear
and globally consistent drift-free solution which is computationally efficient and requires neither 3D reconstruction nor nonlinear
refinement, as common approaches do. Testing our initialization formulation on benchmark multi-sensor datasets, results show that
we outperform current baselines while exhibiting robustness in challenging scenarios.

1. Introduction

Advances in imaging and processing technologies are leading
to an increased focus on real-time pose estimation and mapping
for a broad range of applications, including autonomous driv-
ing, robotics, and augmented reality (Huai and Huang, 2022;
Cheng et al., 2023; Li et al., 2024). Such frameworks usually
involve multi-sensor fusion that combines visual, inertial, and
global navigation satellite system (GNSS) measurements. Iner-
tial sensors provide high-rate motion measurements but tend to
drift over time. Visual sensors provide rich environmental in-
formation but are sensitive to changes in the illumination con-
ditions, texture, and motion blur, while GNSS measurements
provide global position information, but their signals can be
unreliable or unavailable in certain environments. To com-
pensate for their shortcomings and leverage the complement-
ary strengths of each, sensor fusion strategies have been pro-
posed over the years. Among them, the integration of GNSS
with visual inertial odometry (VIO) has been widely investig-
ated as an effective solution for robust and accurate pose estima-
tion. In such systems, VIO provides continuous high-frequency
motion estimates, while GNSS offers globally referenced pos-
ition information, enabling reliable navigation in outdoor and
partially degraded environments such as dense forests or urban
canyons. Nevertheless, the performance of these integrated sys-
tems strongly depends on a proper initialization. An inaccurate
one is likely to lead to poor convergence or even divergence
in the subsequent nonlinear optimization stage, making reliable
initialization a critical component of GNSS/VIO integration.

VIO initialization strategies can be partitioned into loose- and
tight-coupling categories (Dong-Si and Mourikis, 2012; Mur-
Artal and Tardós, 2017b; Qin et al., 2018; Domı́nguez-Conti
et al., 2018; Campos et al., 2021). Loosely-coupled strategies
compute first the camera motion from structure-from-motion
(SfM) or visual odometry, and then use inertial measurement

unit (IMU) preintegration to align the visual and inertial tra-
jectories. They are simple, but sensitive to the presence of low-
texture or fast-rotation scenarios, where SfM often fails. In con-
trast, tightly-coupled formulations jointly exploit both visual
and inertial measurements to compute the initial motion states.
With the inclusion of GNSS measurements, additional initializ-
ation strategies arise due to the newly introduced absolute po-
sitional constraints (Cao et al., 2022). This additional inform-
ation can align the local VIO frame to a global one either via
the computed global positions or by fusing the raw GNSS and
visual-inertial measurements (Lee et al., 2020; Jin et al., 2021;
Niu et al., 2022). Though promising, current fusion methods
predominantly involve nonlinear and complex multi-stage op-
timization, which can be computationally expensive (Jin et al.,
2021; Cao et al., 2022).

To achieve efficient and accurate initialization, this paper intro-
duces a new tightly coupled framework that integrates GNSS
and visual-inertial measurements and improves the sensor fu-
sion. Here, camera and IMU rotations alignment sets the IMU
gyro bias estimate, while GNSS positions are formulated to
constrain the initial velocity and gravity vectors. As we demon-
strate, the resulting initialization is both globally consistent and
computationally efficient, requiring neither 3D reconstruction
nor nonlinear refinement. Our main contributions are as fol-
lows: i) a tightly coupled integration of global GNSS positions
and a rotation-translation-decoupled VIO framework, enabling
metric-consistent and drift-free initialization; ii) the establish-
ment of a globally referenced initialization for pose estimation,
jointly estimating velocity and gravity in a linear, closed-form
manner; and iii) robustness and higher accuracy than existing
initialization baselines as our experiments on multi-sensor data-
sets demonstrate. Our initialization framework yields 60% im-
provement in scale and gravity direction estimation over exist-
ing baselines, exhibiting also enhanced robustness in challen-
ging scenarios.
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2. Related Work

2.1 Visual-Inertial Odometry Initialization

VIO plays a pivotal role in modern navigation and mapping sys-
tems due to its low cost and ability to provide high-frequency
motion estimation (Mur-Artal and Tardós, 2017b; Qin et al.,
2018; Campos et al., 2021). Accordingly, VIO has been extens-
ively studied with many methods addressing both online state
estimation and initialization (Mur-Artal and Tardós, 2017a;
Demmel et al., 2021; Zhang et al., 2025). The main challenge in
VIO initialization lies in accurately estimating the initial system
states from noisy visual and inertial measurements. Early work,
e.g., Mourikis and Roumeliotis (2007) employed static initial-
ization that assumed zero initial velocity and used IMU data to
estimate the gravity and IMU biases. This simplified assump-
tion failed in dynamic scenarios where the platform moved dur-
ing initialization. Later frameworks based their initialization on
loosely- or tightly-coupled approaches. Martinelli (2014) pro-
posed a tightly-coupled closed-form SfM that jointly estimated
velocity, gravity, and scale using both visual and inertial data.
Nonetheless, as Kaiser et al. (2016) and Domı́nguez-Conti et al.
(2018) demonstrated, ignoring the gyroscope bias dropped the
accuracy when using low-cost IMUs. Qin et al. (2018) estim-
ated the initial states by introducing a loosely-coupled initial-
ization that first computed the camera motion using SfM and
then aligned it with IMU rotations. Later, Campos et al. (2021)
considered the IMU measurement uncertainties and used the
maximum a posteriori (MAP) estimation to robustify the ini-
tialization. To improve efficiency and accuracy, He et al. (2023)
proposed a rotation-translation-decoupled framework. The au-
thors estimated first the gyroscope bias through a rotation-only
optimization using camera observations, and then solved for
the initial velocity and gravity vectors using linear translation
constraints. This decoupled formulation substantially improved
both computational efficiency and robustness, but still suffered
from scale drift due to the lack of global position constraints.
Merrill et al. (2025) used scale-less single-image depth to re-
duce the number of feature parameters to the scale and bias of
the depth map, which accelerated the initialization phase.

2.2 GNSS and VIO Integration

Due to the value in combining the complementary strengths of
the different sensors, GNSS/VIO integration has been receiv-
ing increased attention in recent years (Gu et al., 2022; Cao et
al., 2022; Cremona et al., 2024; Gu et al., 2025). Current ini-
tialization methods tend to focus on providing VIO with initial
pose from GNSS or GNSS/inertial navigation system (INS) fu-
sion, or aligning the VIO trajectory with the global frame to
obtain the initial velocity and attitude. Yu et al. (2019) pro-
posed a global positioning system (GPS)-aided visual-inertial
system, in which the IMU was loosely coupled with the visual
measurements for VIO initialization, and then the VIO traject-
ory was aligned with GPS measurements to obtain the initial
velocity and attitude. Lee et al. (2020) aligned the VIO frame
with the GNSS global frame where only the yaw angle was be-
ing considered. To make GNSS measurements more support-
ive for VIO initialization, Jin et al. (2021) proposed a fast ini-
tialization method that aligned the GNSS/INS trajectory with
that of the VIO via nonlinear optimization. Similarly, Niu et
al. (2022) used GNSS to initialize the IMU biases, then the
INS pose was used to aid VIO initialization. However, visual
measurements were not fully exploited during the initializa-
tion stage. Cao et al. (2022) presented a multi-stage coarse-to-
fine GNSS/VIO initialization method that first estimated coarse

GNSS positions, then calibrated the yaw offset, and finally re-
fined all states via nonlinear optimization. Their VIO initializa-
tion was loosely coupled, relying on the SfM to provide camera
motion. Recently, Zhang et al. (2024) and Hu et al. (2025) used
GNSS measurements to initialize the IMU biases, then used the
IMU pose as the initial states of VIO. As the review demon-
strates, multi-stage nonlinear optimization is often involved in
these frameworks, which can be computationally expensive. In
addition, these models can also be overly complex for practical
applications, limiting their usability and generality.

3. Methodology

Given GNSS, IMU and camera measurements, our initializa-
tion process consists of two main steps: i) IMU gyroscope bias
estimation using camera observations, and ii) scale, initial velo-
city, and gravity vector estimation through GNSS, inertial, and
visual measurements integration. Here, the gyroscope bias es-
timation is solved first through a rotation-only optimization us-
ing camera observations, while the accelerometer bias, which
is small in effect (He et al., 2023) is ignored. Then, the scale,
initial velocity, and gravity vectors are estimated by the three
following steps: i) estimation of the local initial velocity and
gravity vectors using visual translation constraints, sans GNSS
measurements; ii) alignment of the initial velocity and grav-
ity directions with ones derived from GNSS measurements,
thereby computing the rotation matrix from the global frame to
the IMU frame at the first keyframe to align the local frame with
the global one; and iii) incorporation of both the GNSS-derived
and visual constraints into a linear initialization framework to
obtain globally consistent and drift-free scale, initial velocity,
and gravity vectors. Our overall initialization framework is il-
lustrated in Fig. (1).

We use first a tightly coupled formulation to jointly exploit both
visual and inertial data. The IMU integration follows a standard
approach, which can be expressed as (Forster et al., 2016):

pb1bk = pb1bi + vb1∆tik − 1

2
gb1∆t2ik +Rb1biα

bi
bk

vb1bk = vb1bi − gb1∆tik +Rb1biβ
bi
bk

Rb1bk = Rb1biγ
bi
bk

(1)

where pb1bk , vb1bk , and Rb1bk are the respective position, ve-
locity vector, and rotation matrix from IMU frame b1 to bk; gb1

and vb1 are the unknown initial gravity and velocity vectors in
the IMU frame b1 to be estimated; ∆tik is the time interval
between IMU frames bi and bk; and αbi

bk
, βbi

bk
, and γbi

bk
are the

IMU preintegration terms between IMU frames bi and bk, such
that:

αbi
bk

=

k−1∑
j=i

j−1∑
f=i

Rbibf a
imu
f ∆t

∆t+
1

2
Rbibja

imu
j ∆t2


βb1

bk
=

k−1∑
j=i

Rbibja
imu
j ∆t

γb1
bk

=

k−1∏
j=i

exp
(
ωimu

j ∆t
)

(2)
where aimu

j and ωimu
j are the specific force and angular velo-

city measurements from the IMU at time step j; and ∆t is the
IMU sampling interval.
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Figure 1. The framework of GNSS-constrained visual-inertial initialization. There are two initial velocity and gravity vector
estimation steps: one in local without GNSS constraints and one with GNSS constraints. In the orange box is our proposed

GNSS-constrained translation estimation contribution.

Visual measurements provide relative translation constraints
between keyframes up to an unknown scale-factor but can be
used to constrain the initial velocity and gravity vectors. To
estimate them we follow He et al. (2023) and make use of the
linear global translation (LiGT, Cai et al., 2021) form. The re-
lative translations between three camera keyframes cl, cm and
cr with respect to c1 can be expressed as:

Bpc1cl +Cpc1cm +Dpc1cr = 0, 1 ≤ m ≤ N,m ̸= r (3)

where,
B = [Xm]×RcmcrXra

T
rlRcl

C = θ2rl[Xm]×Rm

D = −(B+C)

aT
rl = ([RcrclXl]×Xl)

T [Xl]×

θrl = ∥[Xl]×RcrclXr∥

(4)

and where pc1cl , pc1cm , and pc1cr are the camera positions at
keyframes cl, cm, and cr , respectively; Rcmcr is the relative
rotation from camera frame cm to cr; Xl, Xm, and Xr are
the normalized image coordinates of the matched feature point
in camera frames cl, cm, and cr; and [·]× denotes the skew-
symmetric matrix.

To establish a tightly coupled form, the IMU integration equa-
tions and visual translation constraints (Eqs. 1 & 3) are com-
bined to yield a linear system for estimating the initial velocity
and gravity vectors. The spatial relation between the camera
and IMU frames is defined by a known extrinsic calibration, al-
lowing us to express the camera positions in terms of the IMU
frame:

Rcicj = RT
bcRbibjRbc

pcicj = RT
bc

(
pbibj +Rbibjpbc − pbc

) (5)

where Rbc and pbc are the rotation and translation from the
IMU frame to the camera frame, known from extrinsic calib-
ration. Rbibj and pbibj are the rotation and translation from
the IMU frame bi to bj . By substituting the IMU integration
equations (Eq. 1) into the visual translation constraints (Eq. 3)
and using Eq. (5) to express positions and rotations in the body
frame, we obtain:

BRT
bcp

′
b1bl +CRT

bcp
′
b1bm +DRT

bcp
′
b1br = 0 (6)

where

p′
b1bk = pb1bk +Rb1bkpbc − pbc, k = l,m, r (7)

The initial velocity, vb1 , and gravity vector, gb1 , are the only
unknowns in Eq. (6), as all other terms can be computed from
the IMU preintegration and visual measurements. By stacking
all such constraints from multiple feature tracks across the slid-
ing window of keyframes, we can formulate a linear system of
equations in terms of the unknown vb1 and gb1 :

[
A1 A2

] [vb1

gb1

]
= L1 (8)

where

A1 = BRT
bc∆t1l +CRT

bc∆t1m +DRT
bc∆t1r

A2 = −1

2

(
BRT

bc∆t21l +CRT
bc∆t21m +DRT

bc∆t21r

)
L = −

(
BRT

bcs1l +CRT
bcs1m +DRT

bcs1r
)

s1k = αb1
bk

+Rb1bkpbc − pbc

(9)

Eq. (8) forms a tightly coupled visual-inertial initialization
framework. Then, turning to our GNSS-constrained initializ-
ation (orange box in Fig. 1), we incorporate the GNSS con-
straints into the translation estimation step by expressing the
GNSS positional offset between two IMU frames as:

pb1bk = RT
w1b1

(
pG
wk

− pG
w1

)
, k = l,m, r (10)

where pb1bk is the relative position derived from IMU; pG
wk

and
pG
w1

are the GNSS positions in the global frame wk and w1, re-
spectively; and Rw1b1 is the rotation from the global frame to
the IMU frame at b1. In typical platforms, the GNSS antenna is
mounted close to the IMU, resulting in a short lever-arm. The
displacement induced by rotational motion is therefore small
and generally within the noise level of GNSS measurements.
Consequently, the lever-arm effect has a negligible impact on
the initialization process and is ignored for simplicity (Cahy-
adi et al., 2024). To formulate the GNSS-derived translation
constraints, we need first to compute the rotation Rw1b1 that
aligns the global and IMU frames at b1. This can be achieved
using the gravity and initial velocity estimated from the visual-
inertial initialization. The rotation can be computed by aligning
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the velocity and gravity directions between the global and IMU
frames at b1:

Rw1b1

[
vb1 gb1 vb1 × gb1

]
=

[
vw1 gw1 vw1 × gw1

]
(11)

where vw1 can be approximated by the GNSS-derived velocity
at IMU frame b1, and gw1 is the known gravity direction in
the global frame. Substituting the preintegration model (Eq. 1)
into Eq. (10), the GNSS-derived translation constraints can be
expressed as:

vb1∆tik − 1

2
gb1∆t2ik = RT

w1b1

(
pG
wk

− pG
w1

)
− pb1 −αb1

bk

(12)
By stacking all such constraints from multiple keyframes, we
can formulate another linear system for the initial velocity and
gravity vector as:

[
A3 A4

] [vb1

gb1

]
= L2 (13)

where

A3 = ∆t1k

A4 = −1

2
∆t21k

L2 = RT
w1b1

(
pG
wk

− pG
w1

)
− (αb1

bk
+ pb1)

(14)

By combining the GNSS, inertial and visual constraints, we ar-
rive at our the final linear system form:[

A1 A2

A3 A4

] [
vb1

gb1

]
=

[
L1

L2

]
. (15)

This augmented system ensures that the translation estimation
is both drift-free and metrically consistent, leveraging the abso-
lute position information provided by GNSS.

4. Experiments

We use the GVINS datasets (Cao et al., 2022) as our bench-
mark for evaluating our GNSS-constrained visual-inertial ini-
tialization model. These datasets provide synchronized GNSS,
IMU, and stereo camera data collected in different outdoor en-
vironments, including urban and suburban areas. Two of them
are used here, the Sports Field and the Complex Environment,
where typical scenes of both are presented in Fig. (2).1 The
Sports Field was acquired while moving along an athletic track
for five laps. It features open sky with strong GNSS signals
and moderate motion dynamics. Nevertheless, significant parts
of each image are featureless due to the sky and sports field
layout, making visual feature extraction and tracking challen-
ging. The second dataset was collected in a complex urban
environment with tall buildings and trees. GNSS signals are
intermittent due to occlusions, while illumination is uneven due
to shadows, which can degrade visual feature tracking. There-
fore, it presents a more challenging initialization scenario due
to the presence of GNSS outages and visual degradation.

Initialization methods We use the GVINS (Cao et al., 2022)
and DRT-t (He et al., 2023) algorithms as baselines for com-
parison. As our method extends the DRT-t framework by

1 Notably, a third one exists, but being collected at dusk and night, it is
unsuitable for our evaluation.

Figure 2. Typical scenarios in the Sports Field (a) and Complex
Environment (b) datasets.

integrating GNSS constraints into the translation estimation,
it is a natural choice for testing the benefits these measure-
ments bring. GVINS is a state-of-the-art GNSS/VIO integra-
tion method, whose initialization is the baseline against which
we test our formulation. The GNSS settings follow those in
Cao et al. (2022) for a fair comparison. We divide the two data-
sets into multiple segments and perform initialization on each
segment independently. We use only the left camera as our fo-
cus is on monocular VIO initialization and for fair comparison
with DRT-t. All algorithms adopted the same image processing
operations including corner feature detection and tracking al-
gorithm. We evaluate the initialization accuracy using three
metrics: scale, gravity direction, and velocity error. The im-
provement is calculated as the percentage reduction in mean
and RMS compared to DRT-t.

Initialization results for the Sports Field dataset are listed in
Table (1). Our proposed method shows significant improve-
ments in accuracy compared with DRT-t, alluding to effective-
ness of integrating GNSS constraints into the translation es-
timation step. Though GVINS includes GNSS constraints in
its multi-stage optimization, it does not fully utilize them dur-
ing the initialization of the scale, initial velocity, and gravity
states, while our model integrates these constraints directly into
the translation estimation step. As our integration is direct, we
achieve up to 80% improvement in accuracy compared to it.
The initialization error box plots (Fig. 3) show how we outper-
form both baselines with fewer outliers. The results in all three
metrics demonstrate more compact error distributions, high-
lighting our improvement in accuracy and robustness. Though
DRT-t shows a smaller first quartile and median gravity errors,
ours shows fewer outliers, and therefore higher reliability of the
estimated parameters. We also achieve smaller quartile ranges
and median errors and fewer outliers compared to GVINS.

The results of the more challenging Complex Environment data-
set are listed in Table (2). Here again, utilizing the available
GNSS constraints during translation estimation yields signific-
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Table 1. Comparison of initialization errors on the Sports Field dataset.

Method Scale Error (-) Gravity Error (deg) Velocity Error (m/s)
Mean Improve RMS Improve Mean Improve RMS Improve Mean Improve RMS Improve

DRT-t 0.65 0.67 1.14 2.84 0.47 0.55
GVINS 0.35 46.2% 0.41 38.8% 1.04 8.8% 1.21 57.4% 0.25 46.8% 0.34 38.2%
Our method 0.06 90.8% 0.06 91.0% 0.77 32.5% 0.85 70.1% 0.16 66.0% 0.19 65.5%

Figure 3. Scale, velocity, and gravity error box plots on the Sports Field dataset.

ant improvements compared to DRT-t. Concurrently, as our
method fully exploits the GNSS constraints during translation
estimation, it also shows improvement in scale and gravity
estimation compared to GVINS. The initialization errors box
plots (Fig. 4) show how we outperform both baselines in scale,
gravity, and velocity estimation accuracy with more compact er-
ror distributions, and smaller quartile ranges and median errors
in scale and gravity. DRT-t and GVINS show similar perform-
ance in gravity estimation, whereas ours shows a more compact
error distribution with fewer outliers, leading to a significant
improvement in gravity estimation accuracy. Overall, the error
distribution is wider than that of the Sports Field dataset, which
is due to intermittent GNSS signals and more challenging visual
conditions which degrade the performance of all methods.

In both test cases, our proposed GNSS-constrained visual-
inertial initialization method consistently outperforms the
baselines in terms of scale, gravity, and velocity estimation ac-
curacy. It demonstrates the effectiveness of integrating GNSS
constraints directly, through a tightly coupled formulation, into
the translation estimation step, providing a robust and metric-
ally consistent initialization for GNSS/VIO integrated systems.
These accurate scale, gravity and velocity initializations are ex-
pected to contribute to lower trajectory errors in mapping and
navigation.

5. Conclusion

This paper presented a GNSS-constrained visual-inertial ini-
tialization method that integrates GNSS position measurements
into the rotation-translation-decoupled framework. We jointly
estimated the initial velocity and gravity vector in a linear,
closed-form manner, leveraging absolute position constraints
from GNSS measurements to achieve drift-free and metrically
consistent initialization. Our proposed initialization solution is
verified on different outdoor datasets in open-sky and shaded
environments. The results show that our method consistently
outperforms existing VIO initialization baselines, demonstrat-
ing significant improvements in scale, gravity, and velocity es-
timation accuracy. These improvements lead to a more reli-

able initial state for subsequent optimization or filtering, and
thus to improved trajectory accuracy, faster estimator conver-
gence, and more reliable operation in real-world applications
e.g., autonomous navigation and visual mapping.

6. Appendix

We show the detailed derivation of Eq. (8) in this section. First,
substitute Eqs. (1) & (7) into Eq. (6):

BRT
bc (pb1bl +Rb1blpbc − pbc) +CRT

bc(pb1bm +Rb1bmpbc

− pbc) +DRT
bc (pb1br +Rb1brpbc − pbc)

=BRT
bc

(
vb1∆t1l −

1

2
gb1∆t21l +αb1

bl
+Rb1blpbc − pbc

)
+

CRT
bc

(
vb1∆t1m − 1

2
gb1∆t21m +αb1

bm
+Rb1bmpbc − pbc

)
+

DRT
bc

(
vb1∆t1r −

1

2
gb1∆t21r +αb1

br
+Rb1brpbc − pbc

)
(16)

Denoting s1k = αb1
bk

+Rb1bkpbc − pbc, we can rearrange the
above equation as:

BRT
bc

(
vb1∆t1l −

1

2
gb1∆t21l + s1l

)
+

CRT
bc

(
vb1∆t1m − 1

2
gb1∆t21m + s1m

)
+

DRT
bc

(
vb1∆t1r −

1

2
gb1∆t21r + s1r

)
=
(
BRT

bc∆t1l +CRT
bc∆t1m +DRT

bc∆t1r
)
vb1−(

1

2
BRT

bc∆t21l +
1

2
CRT

bc∆t21m +
1

2
DRT

bc∆t21r

)
gb1 =

−
(
BRT

bcs1l +CRT
bcs1m +DRT

bcs1r
)
= 0

(17)
Writing Eq. (17) in the matrix form, we obtain the linear system
in Eq. (8).
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Table 2. Comparison of initialization errors on the Complex Environment dataset.

Method Scale Error (-) Gravity Error (deg) Velocity Error (m/s)
Mean Improve RMS Improve Mean Improve RMS Improve Mean Improve RMS Improve

DRT-t 4.4 6.4 25.18 30.70 0.60 0.96
GVINS 0.42 90.5% 0.48 92.5% 21.4 15.0% 26.08 15.0% 0.59 1.7% 0.92 4.2%
Our method 0.12 97.3% 0.47 92.7% 4.77 81.1% 6.22 79.7% 0.52 13.3% 0.70 27.1%

Figure 4. Scale, velocity, and gravity error box plots on the Complex Environment dataset.
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