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PO-GVINS: A Tightly
Coupled GNSS-Visual-Inertial Navigation
Framework Using Pose-Only Representation

Zhuo Xu", Feng Zhu

Abstract—Accurate and reliable positioning is essential for per-
ception, decision-making, and other high-level applications in
autonomous driving, autonomous aerial vehicles, and intelligent
robotics. Due to the inherent limitations of standalone sensors, in-
tegrating heterogeneous sensors with complementary capabilities is
an effective approach to achieving this goal. The visual-inertial nav-
igation system (VINS) fuses visual cameras and inertial measure-
ment units (IMUs) to explore unknown environments. It requires a
priori knowledge of 3D features and jointly estimates camera poses
and feature positions, which inevitably introduces feature lineariza-
tion errors. Meanwhile, the dimensionality of the system state in-
creases with abundant textures, degrading real-time performance.
To eliminate accumulated errors from VINS, frameworks further
fuse measurements from the Global Navigation Satellite System
(GNSS), but still suffer from similar limitations. To address the
aforementioned issues, we propose a filtering-based, tightly coupled
GNSS-visual-inertial positioning framework with a pose-only for-
mulation applied to VINS, termed PO-GVINS. We first apply the
PO formulation to our VINS (PO-VINS). GNSS raw measurements
are subsequently incorporated, with integer ambiguities resolved,
to achieve accurate and drift-free state estimation. Extensive ex-
periments demonstrate that the proposed PO-VINS significantly
outperforms the multi-state constraint Kalman filter (MSCKF)
and achieves accuracy comparable to that of optimization-based
VINS. By further incorporating GNSS measurements, PO-GVINS
achieves accurate, drift-free state estimation, making it a robust
solution for positioning in challenging environments.
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I. INTRODUCTION

ONTINUOQUS, reliable, and high-precision positioning is
C essential for emerging applications, such as Autonomous
ariel vehicles (AAVs), autonomous cars, and other intelligent
robots. However, due to inherent limitations of standalone sen-
sors, multi-sensor fusion, which incorporates complementary
information from heterogeneous sensors, is considered an ef-
fective means of addressing this issue.

Exploring unknown environments with a monocular camera
has received lots of research attention, namely simultaneous
localization and mapping (SLAM), due to its cheap, low-cost,
and ample semantic information. However, it suffers from scale
ambiguity, motion blur, and illumination change, leading to
incapable use of estimates for robots. A feasible method is to
incorporate inertial measurement unit (IMU), which provides
rigorous dynamic model by observing motion of carriers and is
independent of external infrastructures, enabling to recover the
metric scale [1], [2], as well as to resist the degenerate cases of
a single camera. The visual-inertial navigation system (VINS)
has also received lots of research attention and been applied in
spacecraft landing and descent [3], [4], and Autonomous ariel
vehicle navigation [5]. However, there are several key challenges
that VINS must address. First, it has been proven that VINS has
four unobservable directions [1], where drifts will be accumu-
lated along the four directions, leading to unacceptable estima-
tions. Second, VINS relies on ample stationary textures from
surroundings. On one hand, those rich features can make VINS
more robust and can relieve accumulation of errors. On the other
hand, however, the dimensionality of system state increases
with 3D feature position modelled as parameters, degrading
real-time performance. Third, VINS is a nonlinear system which
needs linearization to apply optimization, inevitably introducing
linearization error.

Complementarily, global navigation satellite system (GNSS)
provides absolute and high-precision measurements from nav-
igation satellites, which can theoretically achieve centimeter-
level positioning in open-area environments. On one hand, fus-
ing GNSS measurements can easily eliminate drift error caused
by VINS and ensures drift-free positioning results. On the other
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hand, the performance of GNSS rapidly degrades due to its vul-
nerable features under urban viaducts and other signal blocked
areas, where VINS is capable to maintain acceptable positioning
accuracy. Currently, frameworks of fusing GNSS, IMU, and
monocular camera can be categorized into the loosely coupled
and the tightly coupled. Loosely coupled methods generally re-
gard GNSS and VINS as independent closed boxes and directly
integrate their estimates. While this approach is time-efficient, it
overlooks potential GNSS information, particularly in scenarios
where the number of tracked satellites falls below four. This
limitation often results in unnecessary accumulation of errors
in VINS systems. Conversely, tightly coupled methods make
full use of raw measurements from heterogeneous sensors, and
thus it enables to achieve more accurate and consistent state
estimation [6].

From the perspective of efficiency, in addition to constant
dimension of state vector, i.e., camera poses in sliding window,
the time cost is severely dependent on the number of correctly
matched features in VINS. Dimensional explosion occurs due to
additional parameters added to the state vector, i.e., position of
each feature point [7]. To this end, researchers employed inverse
depth expression in their fusion framework, reducing the dimen-
sion of each feature point from 3 to 1 [8]. Furthermore, MSCKF
projects visual bearing measurements onto the null space of
the feature Jacobian matrix, which explicitly eliminates feature
points during state estimation [2]. However, the time complexity
keeps increasing no matter using inverse depth representation or
the null space projection.

Besides, as long as feature positions are modelled as param-
eters, linearization error of the feature is inevitably introduced.
Although the null space projection used in MSCKF eliminates
feature parameters, it operates after linearization, ignoring the
higher order terms.

Recent research indicated that visual pose-only (PO) formula-
tion expresses feature depth by a pair of camera poses, eliminat-
ing parameters of feature points before linearization. And it has
been successfully applied to visual reconstruction, Inspired by
this, this letter proposes a tightly integrated RTK-visual-inertial
framework, where visual measurements are reformulated by PO
model, namely PO-GVINS. In brief, the main contribution of
this work includes:

a) We propose a filtering-based and tightly coupled frame-
work to integrate raw measurements from GNSS-RTK
(both pseudorange and carrier phase), IMU and a monoc-
ular camera with continuous integer ambiguity resolved.

b) The PO representation is applied in our visual observation
model to avoid linearization errors introduced by 3D fea-
ture position when using null space projection in MSCKF
and dimensional explosion. Thus, the PO formulation mit-
igates accumulative error, ensures an accurate estimation
and improves the real-time performance.

¢) The performance of proposed PO-GVINS is evaluated
through dataset with challenging GNSS degenerated sce-
narios. Compared with the state-of-the-art open-source
libraries, VINS-Fusion [9] and GVINS [10], the results
show that PO formulation shows significant improvements
and the proposed PO-GVINS achieves a more accurate

and drift-free estimation. It is also shown that the PO
formulation accelerates the VINS The dataset used in
this research is available at: https://gitee.com/lv-jiarui/
SmartPNT-MSF-Datasets.git.

II. RELATED WORK

Researches in GNSS/IMU/camera have flourished in the past
five years and numerous enlightening methods have been ex-
plored. Relevant literature is revisited from VINS and heteroge-
neous sensors fusion respectively.

A. Visual-Inertial Navigation System

Tightly coupled frameworks, where parameters of cameras
and IMUs are joint estimated using raw measurements from
each sensor, showing better accuracy [11]. A time efficient
and profoundly influential framework adopts a sliding window
filtering (SWF) to constrain multiple cameras and project visual
bearing measurements onto the null space of the feature Jacobian
matrix, rather than estimate them directly, namely MSCKEF [2],
[12]. Based on MSCKE, researchers further utilize mapped land-
marks as well as tracked ones in spacecraft landing and descent
[3], apply observability constraints to avoid wrong observability
property for fast UAVs [13], [14]. Besides, other filtering meth-
ods, such as unscented Kalman filter (UKF), particle filter (PF)
et al., are employed to handle the high degree of nonlinearity
and non-Gaussian noise [15], [16], [17], [18], [19]. In [20], [21],
invariant EKF (InEKF) has been introduced to preserve the ob-
servable structure of the navigation system. Besides, SchurVINS
also utilizes stochastic clone to maintain a sliding window, but it
utilizes Schur complement to build equivalent residual equation,
and position of feature position can be recovered [22]. Yet the
equivalent between Schur complement and null space projection
has been demonstrated in [23], SchurVINS still suffers from
ignoring higher order terms as stated before.

Another way to integrate IMU and camera measurements is
to use graph optimization, where preintegration is utilized to
process IMU measurements [24]. The earliest tightly coupled
VIO system can be traced back to OKVIS [25]. VINS-mono is
then proposed with loop-closure and provided ability to online
estimate both intrinsic and extrinsic parameters [1]. Stereo cam-
era is further supported in VINS-fusion [9]. Based on [26] and
[27], ORBSLAM 3 is proposed which supports both monocular
and stereo camera measurements fused with IMU preintegration
measurements. Similarly, SVO originally supports visual and
multiple cameras. And currently it has released supports of
inertial sensors based on optimization [28]. In addition to indi-
rect and semi-direct methods, [29] applied direct methods with
stereo and inertial tightly integrated system. Sparse odometry
(DSO)-VIO proposed a dynamic marginalization strategy in
order to keep VINS consistent. [30]. And [31] proposes adelayed
marginalization methods to inject IMU information into already
marginalized states based on direct formulation.

Although there are works focusing on keeping system sparsity
when marginalize old states [32], [33], reducing dimension of
feature representation [8], and reusing previous calculations
[34], both filtering-based and optimization-based approaches
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still suffer from tradeoff between efficiency and accuracy. Re-
cently, a visual pose-only (PO) representation has been pro-
posed, which explicitly eliminates feature depth in visual mea-
surement equation, and its equality with multiple geometry has
been demonstrated [35], [36].

B. Integration of GNSS, IMU, and Visual Measurements

In order to eliminate accumulated drifts in VINS, GNSS is
initially incorporated as a closed box, where position of antennas
estimated by GNSS is integrated, i.e., loosely coupled [9], [37],
[38], [39]. However, these loosely coupled methods cannot take
full use of GNSS raw measurements, especially in those signal
blocked scenarios [6]. On the contrary, tightly coupled manner
provides the ability to fuse GNSS raw measurements even
when the visible satellites are less than 4. [40] and [10] respec-
tively utilize filtering-based and optimization-based framework
to fuse raw measurements, but only pseudorange and doppler
measurements are utilized, limiting accurate performance of
GNSS. Recent researches further utilize high-precision phase
measurements and ambiguity resolution techniques, enabling
centimeter-level accuracy, where GNSS is respectively modelled
as precise point positioning (PPP) [41], [42], [43], real-time
kinematics (RTK) [6], [44], [45], and even the cutting-edge
PPP-RTK technology [46], [47] with integer ambiguity resolved.
However, PPP suffers along-time convergence [6] and PPP-RTK
is currently a developing technology, making RTK still the most
well used and matured GNSS approach.

III. VISUAL-INERTIAL ODOMETRY WITH POSE-ONLY
FORMULATION

A. Pose-Only Formulation

Assume a feature point has been observed by n images, where
PY = (2, 4", z*)" denotes feature position in world frame
and p; = (x4, s, 1)T denotes the normalized image coordinate
of this feature expressedini-th view (: = 1,2, - - - , n), satisfying

1 1
—pi=—Rl (P"—7r;),i=12,-,n (1)

7

p; = P

where p¢ = (2¢, ¢, 2¢)" is the coordinate of this feature point
in i-th frame and (R;, ;) is the corresponding transformation
from i-th camera frame to world frame.

Regarding two base frames ¢ and j, the traditional two-view
geometry can be expressed as

#p; = 2 RIp; +tj, 2

where R} = RTR; t;;
transformation.

To derive pose-only formulation, left multiply the antisym-
metric matrix pJA- on the both side of (2):

= RJT(T ; —rj) denotes the local

—pitj; = 2P R]p; 3)

Take the magnitude, then depth z{ can be expressed by a pair
of frame poses:

e ..
2 = ||péfj,z|| A dgz’j),ai,j A ‘

P;Rp, @)

Similarly, left multiplying (Rz pi)A on both side of (2), and
then taking the magnitude, z§ can be also expressed by the same
pair of poses:

i A i A
. H(prz) i H(prz) tji A (i
Eial e T S A
H(pri) pj‘ .7
Thus, (2) can be rewritten as:
dp; = d" Rlp; + t; (©)

For any other 1-th frame (I # j), we also have:

dVp, = d"V Rlp; + t, (7

(2

According to definition, dy"l) = dgi’j ) — z§, we substitute

d,gi’l) with dl(i’j ) , deriving PO formulation of the feature point:
il ij
di"p, = d" Rip, + b, ®)

Comparing with MSCKF’s formulation, for example, the
linearized formulation of (1) is:

e® = HVsz( + HY 62 + n® 9)

where, H, and H ; are Jacobis of camera poses and feature
point respectively, and dx,, = denote error state of camera
poses and position of feature depth. r defines the residual and n
denotes Gaussian noise. Then, by projecting e(*) on the left null
space of the matrix H Sf), i.e., MSCKEF, 6m§f) is also eliminated,
and thus a new residual can be derived [2]:

el) = H{ox() + nl) (10)

It is important to highlight that, this null space projection
only eliminates first order terms of the depth of feature point.
Higher order terms are ignored during linearization. The pose-
only formulation, however, is lossless when eliminating feature
depth. Besides, camera poses are updated during iteration, thus
the feature depth is also implicitly updated. While, it is difficult
to recover feature depth in MSCKEF, and even if the iteration
strategy is applied, linearization point of 3D feature position
maintains the original.

B. Propagation and Augmentation

IMU measurements are utilized to integrate and propagate,
which is modelled as mechanization. The motion model can be
described by

ory = dvy + N,
5oy = Nory, — 2(wi) 6y + (£)" b + Rydba+m,
¢ = —(wp)"¢ — Rydby +my
ba =My, b, =1y
(11)
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Where, dx denotes error state of a variable x, which is
defined by dx = & — « and & denotes an observation of true
state x. Specifically, r,, v, denote position and velocity of
body frame with respect to world frame. Subscript ¢ stands for
Earth-centered inertial (ECI) frame. f* = R, f° denotes the
accelerometers measurements. And w denotes angular velocity.
NN is the tensor of the gravitational gradients. Besides, nn denotes
the white Gaussian noise. Accelerometer and gyroscope biases,
b, and by, are modelled as random walk process, 7, and 7,
respectively. Additionally, error state of the rotation matrix
can be obtained by R, = (I + ¢") R In our implementation,
world frame is chosen as Earth frame, and thus, w}! = w¢, is a
constant denoting the rotation rate of the Earth. The initialization
in e-frame of the whole system will be introduced in Section I'V.

Then, (11) can be rewritten as matrix form

0L imu = Fi0xima, + Grw. (12)

where, IMU error state vector d;,,,, and noise vector w have
the following form

iy = [orT svT @T obT 5b7]",

T T T T T]Tg

(13)
w=[n] nl nl n; nj

When camera captures a new image at timestamp ¢, system
error state is extended by stochastic clone [48]

5X, = |:6wimu:| _ [115x15] S

0y ; F; a4

where, 0%t iy = (57’3}7, (th)T denotes the clone of IMU error
state at t. F';,,,, is thus defined by

03x3
I35

033

15
033 (15)

Fimu = |:I3X3

036
033

036

Then, prior constraints can be derived by covariance propa-
gation law

Dt—l (Fi'rnth—l)T
FimuDi1 FipyDy 1 F},

mu

Dy = [ } (16)

where, D;_1 denotes the covariance of the previous propagated
system states. Thus, the state vector after augmentation is defined
as

T T T T T
Xoyins = [5mimu’ 5m1,imu’ T 6$t,imu’ T 5xN,imu]
(17)
where N denotes the window size.
C. Measurement Update
The PO residual e} is defined as
0 " Rip; + i
e’ =K L i : — 1y (18)

ef (" Rip, + 1)

where e3T = (0,0, 1), K, @, define the camera intrinsic param-
eters and monocular on image plane respectively. (18) can be

further simplified considering the definition of dl(-i’j );

Y,
ngl

e’ — K Hp]At”H Répi + 0t a A
- g 2
: el (HpJAtJZH Rlp, + 0;t:)

— @y
(19)
Note that our state vector contains IMU poses instead of the

camera ones, the transformation from c-frame to b-frame can be
obtained by extrinsic parameters:

ry =r.— Ril., R; = RCR; (20)

Where .. denotes the camera position with respect to b-frame,
and Ry rotates from b-frame to c-frame. Jacobian matrix can be
derived according to the chain rule (21).

Thereafter, these measurements can be used to EKF update
with constrained by Dyj;_;.

As aforementioned, (4, 7) is a pair of base frames. Considering
6,,¢ which indicates a quality indicator [36], 0, ¢ (1 < 7,{ <
n,n # &) is calculated for all candidates, and the maximum
yields our base frames.

J(z) _ oey’  del” _ el (oY, Y,
l aor; o, Y, dor; op; |
() _ [0er® 0el?\ _ 0el” [ 9Y, Y
I = oo, w8, ) = ovi \oor, 96, )0 2D
J(l) _ del?  del” _ el (oY, Y,
l oor,  0¢, aYy; \osr; O,
IV. TIGHTLY INTEGRATION OF GNSS, VISUAL AND INERTIAL
RAW MEASUREMENTS

In order to eliminate accumulated errors introduced by
VINS, measurements from GNSS, including both pseudor-
ange and phase observations, are sequentially incorporated and
then double-differenced integer ambiguity is resolved using
LAMBDA, enabling high-precision positioning.

Considering signals from satellite s, its pseudorange and
phase observations can be modelled as

{L: =pf +cdt, —cdt® + I + TS +n

68 = pf +cdty —cdt* +A- NS — I3 + T8 +e5 22

Where, L7, ¢; are pseudorange and phase measurements
respectively. dt,., dt® denote clock error of receiver and satellite.
17, T'? denote ionospheric and tropospheric delay. A denotes the
wavelength and N/ denotes the carrier phase ambiguity. e, €5
denote white Gaussian noise of pseudorange and phase obser-
vations. p; defines the distance between receiver and satellite,
derived by (23), where I, denotes the vector pointing from IMU
center to GNSS antenna and 7, Rb denotes current estimates
of IMU pose derived by VINS.

p: = H'flb —7rs+ Rbla

(23)
2

Regarding a stationary station u observing the same satellite
s, the single-differenced observations can be derived by (24),
which eliminates satellite clock error.
AL, =L~ L
Aos L g 4 (24)

ru ~ Yru
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Select a reference satellite k£ and then the double-differenced
(DD) observations can be further derived by (25), which is also
known as RTK formulation (short baseline scenario).

sk s k sk " sk sk (25)

r u ru, f

In addition to VINS state X ,;,,s, DD ambiguities are directly
appended to the state vector and the priori can be derived by

T
ngins = qu;my NT'LL] (26)
_[D, 0
ngins - 0 Damb

where N ,.,, defines a vector containing all DD ambiguities at
current timestamp, and D,,; denotes the prior covariance of
DD ambiguities, which can be propagated from undifferenced
ambiguities. D, denotes the uncertainty of VINS related states.
Assume we have measurement set Z; = {z¥, 27} at times-
tamp ¢, where z¥ and 27 denote visual and GNSS measurements
respectively. Then X 4., can be estimated by EKF.

0X guins = 0y 1 + Ky (I — hiday;_1) (27)

Considering visual and GNSS measurements are dependent
from each other, a sequential update strategy is utilized to
separately update measurements of each sensor. We first update
states with visual measurements. After obtaining the posteriori,
GNSS measurements are then updated. It is important to note
that, this update strategy is equivalent to (27), but makes program
more flexible to handle hardware delay. For more details and
meaning of each symbol, readers can refer to [49].

Specifically, in the case that the fusion system has received
visual measurements and GNSS measurements have ¢ ms delay.
The fusion system will first carry out state augmentation, and
then do visual measurement update. When GNSS measurements
come, we will propagate system state to this timestamp by
interpolating IMU measurement. Thus, GNSS measurements
can be updated without creating new poses in sliding window.

Then, GNSS residual and the Jacobi can be easily derived
from (25), and then an iterative EKF update is processed with
IGG-III outlier removal strategy applied. After update, DD am-
biguities are resolved through LAMBDA method [50]. Besides,
in our implementation, a robust cascaded alignment is first
conducted to initialize GNSS/IMU system [51], since GNSS
provides absolute and high-precision positioning ability. Then,
initial IMU pose, 7, and Ry, can be determined. With known
extrinsic parameters, camera poses can also be recovered with
metric scale.

V. EXPERIMENTAL RESULTS

For comparison, we implement Pose-Only VINS (PO-VINS),
MSCKEF, GNSS/IMU (GI), MSCKF (M)-GVINS, and the pro-
posed PO-GVINS with our own platform. Besides, two state-
of-the-art open-source libraries, VINS-Fusion and GVINS, are
compared. In the subsequent analysis, the term VINS denotes
the VINS-Fusion system operating without GNSS input. Given
that the VINS module within GVINS closely resembles that of

Fig. 1.

Experimental hardware (left) and collection vehicle (right).

SENSOR SPECIFICATIONS FOR THE DEVICE USED IN VEHICLE-BORNE
EXPERIMENTS

Sensor Type & Item

Specification

High-precision IMU

Novatel SPAN-ISA-100C

Gyroscope bias 0.05 “/hr
Gyroscope random walk 0.005 “/Jhr
Accelerometer bias 0.1 mg
Measurement frequency 200 Hz
MEMS-IMU HGuide 1300
Gyroscope bias 65 "/hr
Gyroscope random walk 0.15 /Jnr
Accelerometer bias 1.0 mg
Measurement frequency 200 Hz
Camera MER-131
Shutter Global shutter
Resolution 1280%1024 pixel
Measurement frequency 10 Hz

GNSS receiver
Antenna
Measurement frequency

Septentrio Mosaic-X5
Harxon HX-CH7609A
1 Hz

VINS-Fusion in both structure and methodology, a separate anal-
ysis is deemed unnecessary. EVO toolkit is utilized to evaluate
[52].

A. Dataset Description

As shown in Fig. 1, we evaluate the proposed PO-GVINS us-
ing data collected by a self-developed hardware, which includes
a GNSS receiver together with its antenna, four monocular cam-
eras (front-view camera is used in this research), and a MESE
IMU. Besides, a high-precision IMU (ISA-100C) is utilized
to obtain reference trajectory. All these sensors are hardware
synchronized and extrinsic parameters relative to MEMS IMU
are well calibrated. The base station, required by RTK algorithm,
isequipped with a Trimble Alloy receiver, and its antenna is set at
an open-sky view. The distance between rover and base station is
no greater than 10km to meet the requirement of short baseline.
In our test, reference trajectory is solved through the smoothed
and combined solutions of multi-GNSS RTK/IMU(ISA-100C),
using commercial software Inertial Explorer (IE) 8.9. MESE-
IMU is used to evaluate our proposed PO-GVINS. The specifi-
cations of each important sensor are listed in Table I.

Four sequences are collected in Wuhan City, China, covering
open-sky area, tree-line road, viaduct, illumination change and
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Fig. 2. Scenarios of collected sequences. Test A and B contain tree-lined
road and other GNSS-denied scenarios with abundant textures. Test C contains
viaducts, illumination change, and dynamic objects. Test D contains only open-

@ PO-VINS

| [ Reference

Fig. 3.

() MSckF

@ vins

Estimated trajectories of PO-VINS, MSCKF and VINS in Seq. B. Each

trajectory starts at different positions due to different initialization strategies.

I [ Reference [] PO-GVINS [ M-GVINS [ ] GcI [[JGvINs [ VINS-Fusion I

sky areas. Visual textures in Both C and D are far from cameras.

TABLE I

TRAJECTORY LENGTH AND TIME DURATION OF EACH SEQUENCE

Sequence Traj. Length Duration
(km) (min)
A 0.75 1.50
B 1.49 3.85
C 12.08 16.67
D 8.79 19.02
TABLE III

STATISTICS IN SEQUENCE A AND B

Methods ATE (%)' ARE (deg / m)' RPE
Sequence A B A B A B
MSCKF 5.35 2.25 0.18% 0.09% 0.74 0.16
VINS 37.0 15.6 1.63% 7.56% 1.45 0091
PO-VINS 3.12 1.58 0.19% 0.09% 0.27 0.16
Methods ATE (m) ARE (deg)
Sequence A B A B
GI 0.44 0.86 1.69 1.53
GVINS 20.62 2 - 90.46
VINS- 44.37 26.53 - -
Fusion
M-GVINS 0.37 1.08 1.68 1.50
PO-GVINS 0.35 0.64 1.58 1.42

1 divided by trajectory length.
2 - denotes the value exceeds 100 or failure occurred.

other visual and GNSS complex environments, as shown in
Fig. 2 and Table II.

B. Positioning Accuracy

First, we evaluate the proposed PO-VINS and PO-GVINS
in Sequence A and B. The root mean square (RMS) of abso-
lute translation error (ATE), absolute rotation error (ARE) and
relative pose error (RPE) of each configuration are shown in
Table II1.

It is shown that PO-VINS outperforms MSCKF as well as
VINS. Compared with MSCKEF, the PO representation shows
obvious improvements, especially on translation. Since we use
the same feature selection methods, feature point linearization

".'. o5 S5 egne

Fig. 4. Estimated trajectories of configurations with GNSS input in Seq. B.

|. PO-GVINS (1) M-GVINS ([ Gl I
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Fig. 5. PO-GVINS, M-GVINS, and GI Error time series of test B.

error introduced by MSCKEF leads to significant increasing er-
rors, achieving an average reduction on ATE and RPE by 35.7%
and 31.8% respectively. As illustrated in Fig. 3, VINS initializes
wrong scale at the beginning and thus the proposed PO-VINS
shows better accuracy even compared with the optimization-
based VINS.

Furthermore, Fig. 4 shows trajectories estimated with GNSS
input. Besides, although GI can achieve drift-free estimation,
it is vulnerable in GNSS challenging scenarios. In Seq. B,
VINS-Fusion, integrating GNSS in loosely coupled manner,
is severely affected by the wrongly estimated GNSS posi-
tion. And thus, there are lots of failures and rotational an-
gles are unable to converge. The GVINS, which tightly fuses
pseudorange measurements, still suffers from outliers, leading
to numerous wrong estimates. While, the PO-GVINS tightly
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TABLE IV
STATISTICS IN SEQUENCE C AND D

Methods ATE (m) ARE (deg)
Sequence C D C D
Gl 2.84 0.03 1.44 1.53
GVINS 16.81 10.68 99.67 -
VINS- 72.47 13.30 - -
Fusion
M-GVINS 3.54 0.03 1.55 1.53
PO-GVINS 2.92 0.03 1.44 1.53
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100
801
(7, 60 B
€
401
20 ol W
| I
00 500 1000 1500 2000 2500
time step
Fig. 6. Measurement update time cost of PO-VINS (green) and MSCKF

(yellow), tested with Intel(R) Core(TM) i7-10510U CPU @ 1.80 GHz (8 CPUs)
~2.3 GHz in debug mode.

utilizes both pseudorange and carrier phase measurements
and further employ ambiguity resolution methods, showing
the best performance, as shown in Fig. 5. Specifically, com-
pared with GI and M-GVINS, PO-GVINS achieves 23.3%,
23.1% reduction on ATE, and 8.8%, 5.2% reduction on ARE
respectively.

Two long term experiments are analyzed further, as shown in
Table IV. Even in open-sky scenarios (Seq. D), VINS-Fusion
still fails, since it direct outputs the fusing results and the fusion
estimates are ignored in VINS submodule. Besides, in this open-
sky area, visual features are far from cameras, making it difficult
for VINS to estimate. The positioning accuracy using only pseu-
dorange measurements is typically several meters, depending
on the scenario; therefore, it is reasonable that GVINS achieves
approximately 15 meters in ATE. Due to the presence of distant
features, the proposed PO-GVINS assigns greater weights to
GNSS raw measurements and shows accuracy comparable to
that of GL.

C. Time Complexity

Since Pose-only modelling eliminates parameters of feature
depth, it can avoid dimensional explosion and ensure real-time
applications. As illustrated in Fig. 6, PO-VINS enhances al-
gorithmic efficiency by eliminating feature points before lin-
earization. In comparison to MSCKEF, it exhibits more stable
computation time during the measurement update step.

VI. CONCLUSION

In this letter, a filtering-based GNSS, IMU, and monocular
camera tightly coupled framework is proposed. Specifically, the
pose-only formulation is utilized in our visual measurements
processing, which avoids feature linearization errors compared
with existing frameworks. Extensive experiments demonstrate
the PO-VINS formulation outperforms MSCKEF, and the PO-
GVINS achieves accurate and drift-free estimation.

However, several issues remain to be addressed. In this work,
base frames are selected based solely on maximum parallax.
More informative selection strategies, such as those proposed
in [53], should be considered. Additionally, mapping is not
incorporated in this study. Given the significantly reduced com-
putational cost and accurate pose estimation, accurate online
maps could potentially be constructed. Furthermore, to address
hardware delay, continuous-time state estimation methods may
be explored.
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