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Abstract— Accurate visual–inertial simultaneous localization
and mapping (VI SLAM) for underwater robots remains a
significant challenge due to frequent visual degeneracy and
insufficient inertial measurement unit (IMU) motion excitation.
In this paper, we present GeVI-SLAM, a gravity-enhanced
stereo VI SLAM system designed to address these issues. By
leveraging the stereo camera’s direct depth estimation ability,
we eliminate the need to estimate scale during IMU initial-
ization, enabling stable operation even under low-acceleration
dynamics. With precise gravity initialization, we decouple the
pitch and roll from the pose estimation and solve a 4 degrees
of freedom (DOF) Perspective-n-Point (PnP) problem for pose
tracking. This allows the use of a minimal 3-point solver,
which significantly reduces computational time to reject outliers
within a Random Sample Consensus framework. We further
propose a bias-eliminated 4-DOF PnP estimator with provable
consistency, ensuring the relative pose converges to the true
value as the feature number increases. To handle dynamic
motion, we refine the full 6-DOF pose while jointly estimating
the IMU covariance, enabling adaptive weighting of the gravity
prior. Extensive experiments on simulated and real-world data
demonstrate that GeVI-SLAM achieves higher accuracy and
greater stability compared to state-of-the-art methods.

I. INTRODUCTION
Underwater robotic perception challenges conventional

algorithms [1], [2]. For visual–inertial (VI) systems, beyond
well-documented issues like poor illumination and turbidity
[3], underwater scenes introduce a set of compounding
difficulties that are detrimental to perception performance.

First, natural terrains and man-made structures often ex-
hibit repetitive or weak textures, inflating feature ambiguity
and yielding high outlier ratios in feature matching and
tracking [4]; a frontend must therefore be substantially more
robust than in typical terrestrial scenes. Second, scenes are
often sparse and near-planar (e.g., flat seabeds and bridge
piers), which results in geometric degeneracy and leads to
unstable or incorrect state estimation [5]. Third, low accel-
erations due to high underwater resistance undermine sys-
tem initialization: VINS-Mono [6] suffers a scale–gravity–
bias ambiguity under near-constant velocity [7]; the stereo–
inertial measurement unit (IMU) mode in ORB-SLAM3 [8]
can recover scale but lacks excitation to accurately estimate
IMU biases and gravity.

Contributions. To tackle the above challenges, we pro-
pose a gravity-enhanced underwater VI SLAM system. We
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Fig. 1: Estimated trajectory (blue line) using the proposed
GeVI-SLAM system, visualized on a dense 3D reconstruc-
tion. It demonstrates our algorithm’s robustness against com-
mon underwater challenges: (a) feature-sparse, coplanar
scenes and (b) highly repetitive patterns.

note that although low accelerations hinder initialization yet
offer a stable and precise gravity prior once the gravity has
been well initialized. Hence, we first design a stereo–IMU
initialization with known scale, minimizing preintegration
residuals to robustly estimate gravity and IMU biases. Then,
our main focus is to leverage IMU gravity prior to decouple
6-degrees of freedom (DOF) pose and build a 4-DOF (yaw
angle and 3D translation) visual frontend, which is resilient
to high outlier rates and geometric degeneracy. Furthermore,
adaptive VI fusion gives rise to accurate full 6-DOF refine-
ment. In summary, our contributions are three-fold:

• Gravity-enhanced 4-DOF Perspective-n-Point (PnP):
By using gravity prior to reduce pose to 4-DOF, a min-
imal 3-point Random Sample Consensus (RANSAC)
delivers faster and more robust outlier rejection (our
required iteration number, relative to 5-point RANSAC,
is on the order of the squared inlier ratio). In addition,
our 4-DOF PnP estimator is proven to be consistent and
performs stably in near-degenerate scenes.

• Adaptive VI fusion: We adopt a block coordinate
descent (BCD) strategy to jointly refine 6-DOF pose
and estimate gravity prior covariance, enabling adap-
tive weighting of the gravity constraint and effectively
avoiding the drift of pitch and roll angles.

• Comprehensive experiment validation: Simulations
demonstrate Cramér-Rao Lower Bound (CRLB)-tight
accuracy, robust minimal-set consensus under up to 30%
outliers, and drift-free pitch/roll estimation. Real water
pool experiments show consistently lower Absolute Tra-

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 18291



jectory Error (ATE) and Relative Pose Error (RPE) than
ORB-SLAM3 [8], VINS-Fusion [6], and SVIN2 [4],
and stable tracking where these baselines may fail.

Notations: Scalars use italic lowercase (a), vectors bold
lowercase (a), and matrices bold uppercase (A); unless stated
otherwise, vectors are columns. Estimated quantities are
marked with a hat x̂, while true values have a superscript
circle xo. Reference frames are denoted by calligraphic
letters: W (world), C (camera), I (IMU), and K (keyframe).
A rigid body transformation from frame A to B is denoted by
B
AT ≜ [BAR|BAt] ∈ SE(3), where B

AR ∈ SO(3) is the rotation
and B

At ∈ R3 is the translation. A point Ap is transformed
to frame B via Bp = B

AR
Ap + B

At. The world frame W is
defined such that its z-axis is aligned with the gravity vector.

II. RELATED WORK

A. Underwater Visual SLAM

Underwater VI SLAM can be broadly categorized into
two groups. Feature-based methods match sparse features
and estimate motion via epipolar geometry or PnP; they are
robust to viewpoint and illumination changes but can be com-
putationally heavy and vulnerable in low-texture underwater
scenes [9], [10]. In contrast, direct methods minimize photo-
metric error over image intensities and are more efficient
and tolerant to weak texture; however, they require good
initialization and are sensitive to illumination changes [11],
[12]. Recent tightly coupled underwater VI SLAM systems
mainly adopt feature-based frontends fused with IMU in joint
optimization. For example, Wang et al. [13] fused ORB
points, diagonal segments, IMU preintegration, and loop
closure to achieve low Root Mean Square Error (RMSE) in
real time. Meanwhile, unified variants leverage both methods,
e.g., UniVIO [14], which jointly optimize feature-based
reprojection and direct photometric errors, along with inertial
terms, in a unified stereo-IMU backend. Finally, some tightly
coupled multi-sensor estimators combine cameras and IMU
with more sensors, such as acoustic and depth sensors [4].

B. Leveraging Gravity Priors in SLAM

Gravity provides a global prior fixing roll and pitch,
leaving yaw as the only rotational DOF. Lupton et al. [15]
preintegrated IMU measurements to recover gravity and
velocity, enabling constant-time VI SLAM. Li et al. [16]
refined gravity on a unit sphere using vertical edges to
decouple accelerometer bias and speed up initialization.
Usenko et al. [17] tightly coupled IMU with a stereo camera
such that roll and pitch are observable and alignment is
robust under fast motion and low texture. GaRLIO [18] fused
radar Doppler with LiDAR and IMU for a velocity-aware
gravity estimate that suppresses vertical drift. Kubelka et
al. [19] enforced gravity in LiDAR iterative closest point by
fixing roll and pitch and solving only yaw and translation,
reducing median normalized ATE by around 30%.

The existing work mainly uses gravity as a cost term in
iterative optimization. In this paper, we not only incorporate
the gravity to achieve reduced-degree visual tracking, which

allows a minimal-set closed-form solution, but also adap-
tively weight the gravity prior to account for time-varying
motion acceleration.

III. GRAVITY-ENHANCED 4-DOF CAMERA POSE
ESTIMATION

A. Euler Angles and Characterization of a 4-DOF Pose

Unless otherwise stated, a camera frame refers to the left
camera frame of a stereo camera. We aim to estimate the
relative pose C

KT ∈ SE(3) from the camera keyframe K to
the current camera frame C. This transformation is composed
of a rotation matrix C

KR ∈ SO(3) and a translation vector
C
Kt ∈ R3. The rotation C

KR can be parameterized using
three Euler angles: roll (ϕ), pitch (θ), and yaw (ψ). For our
application, we decompose the rotation into two components:
a rotation representing yaw, Rψ , and a rotation representing
the combined roll and pitch, Rθϕ. The full rotation is

expressed as C
KR = RψRθϕ, where Rψ =

[ cosψ sinψ 0
− sinψ cosψ 0

0 0 1

]
and Rθϕ =

[
cos θ − sin θ sinϕ sin θ cosϕ
0 cosϕ sinϕ

− sin θ − cos θ sinϕ cos θ cosϕ

]
.

This factorization is particularly useful because in a world
frame W , the xy-plane is aligned with the ground, and an
IMU can estimate roll and pitch relative to gravity [20]. With
roll and pitch known, only yaw remains, motivating a 4-DOF
pose consisting of the yaw angle ψ and C

Kt.

B. Acquisition of Drift-Free Roll and Pitch

To provide a reliable roll and pitch for our 4-DOF PnP
solver, we fuse measurements from the IMU’s gyroscope and
accelerometer. Our approach is inspired by the complemen-
tary filtering [20], which optimally combines the strengths
of both sensors. Gyroscopes yield accurate high-frequency
attitude updates over short intervals but drift over time.
Accelerometers provide a drift-free, low-frequency gravity
reference in quasi-static motion (stationary or near-constant
velocity) but are sensitive to linear acceleration. By inte-
grating gyroscope measurements for dynamic tracking and
using accelerometer data within a probabilistic optimization
framework (detailed in Section IV) for drift correction, our
system can maintain accurate pitch and roll angles.

C. Problem Formulation

As illustrated in Fig. 2, after feature tracking and
outlier removal, we obtain 2D point correspondences
{qi, zi,yi,}i∈I , where I is the inlier set, qi’s denote the
points in the left image of the current frame, and zi’s
and yi’s are the points in the left and right images of the
keyframe, respectively. Unless otherwise stated, image 2D
points are expressed using the normalized image coordinates.
We assume the feature tracking errors are independent and
identically distributed (i.i.d.) zero-mean Gaussian noises, i.e.,
zi ∼ N (zoi , σ

2I2) and yi ∼ N (yoi , σ
2I2). The zero-mean

and isotropic covariance is reasonable because, after outlier
rejection, the errors from intensity-based trackers tend to be
unbiased and inherit the spatially uniform nature of physical
sensor noise. This model is not only a good approximation
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for pinhole cameras [21] but also practical, as its variance
σ2 can be consistently estimated from data [22].

Leveraging the 4-DOF parameterization introduced previ-
ously, our goal is to estimate the state vector χ = [ψ, C

Kt
⊤]⊤.

From this state, the full relative rotation is constructed as
C
KR(ψ) = RψRθϕ, where Rθϕ is the roll and pitch estimate
obtained from IMU information. Here, we utilize point-to-
epipolar-line distances as costs and construct a maximum
likelihood (ML) estimation problem. For the i-th correspon-
dence, we formulate two geometric costs. The first relates
to the current frame observation qi and the keyframe’s left
image observation zi. The epipolar line li,KL

in the left
keyframe image is generated by back-projecting qi using
the pose C

KT = [CKR(ψ) | C
Kt]: li,KL

=
(
[CKt]×

C
KR(ψ)

)⊤
qhi ,

where qhi is the homogeneous coordinates of qi, and [·]× is
the operator that maps a vector in R3 to its corresponding
3× 3 skew-symmetric matrix, such that for any two vectors
a,b ∈ R3, [a]×b = a × b. Then, the distance of point

zi to epipolar line li,KL
is di,KL

=
l⊤i,KL

zh
i

∥Eli,KL
∥ , where E =

[e1, e2]
⊤, and ei denotes the unit vector in R3 whose i-th

element is 1. The second cost, defined in the keyframe’s right
image, uses the pose C

KR
T obtained via the stereo extrinsic:

C
KR

T = C
KT (KR

K T)−1 = [ CKR
R | C

KR
t ]. The corresponding

epipolar line is li,KR
=

(
[CKR

t]×
C
KR

R
)⊤

qhi , and the distance

is di,KR
=

l⊤i,KR
yh
i

∥E li,KR
∥ .

Under the aforementioned noise assumptions on zi and
yi, one can verify that the resulting point-to-epipolar-line
distance errors follow the Gaussian distribution N (0, σ2).
Hence, the ML estimate for the 4-DOF relative pose χ is
obtained by solving the following non-linear least-squares
problem over all inlier correspondences I:

min
χ∈R4

∑
i∈I

(
d2i,KL

+ d2i,KR

)
. (1)

The optimal solution to the ML problem (1) is called the ML
estimate, denoted as χ̂ML. Solving this non-linear optimiza-
tion is challenging as the objective function is non-convex,
making iterative solvers highly dependent on a good initial
guess. To circumvent this issue, we propose linearizing the
model to derive an efficient and consistent initial estimator.

D. Consistent 4-DOF Estimator

To initialize the non-linear optimization (1), we develop
a consistent estimator for the 4-DOF relative pose. The
process involves three main steps: uncertainty-aware 3D
point triangulation, construction of a linear model, and a
closed-form bias-eliminated (BE) estimator.

1) Uncertainty-Aware 3D Point Triangulation: We first
use the method in [22] to obtain a consistent estimate σ̂2

of 2D noise variance σ2. It involves solving a general-
ized eigenvalue problem. For the details, one can refer to
Appendix A of [22]. Then, following equations (1) and
(2) in [21], we can triangulate the 3D points Kpi’s from
stereo observations in the previous keyframe along with
their uncertainties Σpi ’s. As a result, we establish 3D-2D
point correspondences {Kpi,qi}i∈I , where the 3D points

Keyframe
Current Frame

{ }iq{ }iz { }iy

TCK

observations

, Lil K

, Ril K

epipolar line

epipolar lineR TK
K

Fig. 2: 4-DOF pose estimation based on point-to-epipolar-
line distances.

Wpi’s are noisy with known covariance Σpi
, while their

corresponding 2D matches qi’s in the current frame are
noise-free.

2) Model Linearization: Our goal is to linearize the
camera projection model to enable an efficient closed-form
solution. We begin with the ideal projection of a true 3D
point Kpoi , expressed in the left keyframe, into the current
frame’s normalized image plane:

qi = h(Kpoi ;χ) ≜
E
(C
KR(ψ)Kpoi +

C
Kt

)
e⊤3 (

C
KR(ψ)Kpoi +

C
Kt)

, (2)

where h is the pinhole camera projection function. Recall
that the 2D point qi is noise-free, and the triangulated 3D
point Kpi is noisy, modeled as Kpi = Kpoi + ϵpi , with
ϵpi ∼ N (0,Σpi).

To linearize the model, we multiply both sides of equa-
tion (2) by e⊤3 (

C
KR(ψ)Kpoi +

C
Kt):

e⊤3 (
C
KR(ψ)Kpoi +

C
Kt)qi = E(CKR(ψ)Kpoi +

C
Kt). (3)

We now define the state vector to be estimated as x ≜
[cos(ψ), sin(ψ), CKt

⊤]⊤. Let ρi ≜ Rθϕ
Kpi be the pre-

rotated point and ϵρi
≜ Rθϕϵpi

be its propagated noise. By
substituting Kpoi =

Kpi − ϵpi and rearranging equation (3),
we obtain a linear equation with respect to x:

Aix = bi + ϵi, (4)

where bi = ρi(3)qi, Ai =
[
ρi(1) −ρi(2) 1 0 −qi(1)
ρi(2) ρi(1) 0 1 −qi(2)

]
, and

ϵi =
[
ϵρi

(1) cos(ψ)−ϵρi
(2) sin(ψ)−ϵρi

(3)qi(1)

ϵρi
(2) cos(ψ)+ϵρi

(1) sin(ψ)−ϵρi
(3)qi(2)

]
. Stacking (4) for

all point correspondences yields the full linear system

Ax = b+ ϵ. (5)

3) Bias-Eliminated Consistent Estimator: Based on (5),
an ordinary least-squares (LS) solution can be obtained as

x̂LS = (A⊤A)−1A⊤b. (6)

However, the regressor term A contains noise and is corre-
lated with the noise in the regressand term b. As a result, this
ordinary LS solution is generally statistically biased [22]. To
obtain a consistent estimate, we employ a BE approach that
corrects for this correlation. The BE estimator is given by:

x̂BE =

(
A⊤A

n
−G1

)−1 (
A⊤b

n
−G2

)
, (7)

where the bias correction terms G1 and G2 are derived from
the known covariances Σρi

= RθϕΣpi
R⊤
θϕ. Specifically, let
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∆A = A−Ao and ∆b = b−bo. The first correction term
G1 is given by

G1 = E
[
1

n
∆A⊤∆A

]
=

(
Σ̄ρ(1, 1) + Σ̄ρ(2, 2)

) (
e1e

⊤
1 + e2e

⊤
2

)
,

where Σ̄ρ = 1
n

∑n
i=1 Σρi

is the average covariance matrix.
The second correction term, G2 = E[ 1n∆A⊤∆b], is a five-
dimensional vector whose last three components are zero. Its
first two components are given by 1

n

∑n
i=1(Σρi

(1, 3)I2 +
Σρi

(2, 3)J)[qi(1), qi(2)]
⊤, where J is the skew-symmetric

matrix
[

0 1
−1 0

]
.

Definition 1 (Big Op): An estimator γ̂ is called a
√
n-

consistent estimator of γo if γ̂ − γo = Op(1/
√
n). That

is, for any ε > 0, there exist finite constants M and N such
that for all n > N , P(∥

√
n(γ̂ − γo)∥ > M) < ε.

Theorem 1: The BE estimator x̂BE is a
√
n-consistent

estimator for the true state vector xo.
Proof: The proof is based mainly on the following

lemma:
Lemma 1: ( [21], Lemma 1): Let {Xi} be a sequence of

independent random variables with E[Xi] = 0 and bounded
E[X2

i ]. Then,
∑n
i=1Xi/n = Op(1/

√
n).

In the noise-free case, (Ao⊤Ao)−1Ao⊤bo, or equivalently
(A

o⊤Ao

n )−1Ao⊤bo

n results in the ground truth xo. The idea of
the proof is to show that A⊤A

n −G1 and A⊤b
n −G2 converge

to Ao⊤Ao

n and Ao⊤bo

n , respectively. First, ∆A⊤∆A contains
both the first and second order terms of ϵρi . For the second-
order term ϵρi

ϵ⊤ρi
, we can subtract it by Σρi

to achieve the
zero mean. It can be verified that −G1 actually performs
this procedure. Hence, according to Lemma 1, it holds that

A⊤A

n
−Ao⊤Ao

n
=

∆A⊤∆A

n
+Op(

1√
n
) = G1+Op(

1√
n
).

(8)
Second, similarly, for A⊤b/n, based on Lemma 1, we can
obtain

A⊤b

n
− Ao⊤bo

n
= G2 +Op(

1√
n
). (9)

Finally, by combining (9) and (8), we obtain

x̂BE =

(
Ao⊤Ao

n
+Op(

1√
n
)

)−1 (
Ao⊤bo

n
+Op(

1√
n
)

)
=

(
Ao⊤Ao

n

)−1
Ao⊤bo

n
+Op(

1√
n
) = xo +Op(

1√
n
),

which completes the proof.

E. Epipolar-Based Gauss-Newton Refinement

The previous stage provides a robust and consistent pose
estimate. Using the consistent estimate as the initial value, we
further refine the pose by implementing the Gauss-Newton
(GN) algorithm over the epipolar ML problem (1) using the
inlier set I. Thanks to the

√
n-consistent initial estimator

(Theorem 1), only a one-step GN iteration is sufficient to
achieve the asymptotic efficiency, which is formally stated

in the following lemma. Denote the one-step GN iteration of
χ̂BE by χ̂GN.

Lemma 2 ( [23, Theorem 2]): We have

χ̂GN − χ̂ML = op(
1√
n
).

The small op implies that χ̂GN has the same asymptotic
property as χ̂ML [23], i.e., when the point number is large,
χ̂GN achieves the theoretical lower bound–CRLB.

IV. SIMULTANEOUS COVARIANCE ESTIMATION AND
POSE REFINEMENT

Recall that we use IMU preintegration and visual PnP for
relative 2-DOF (pitch and roll) and 4-DOF (yaw and transla-
tion) estimation, respectively. Without the gravity prior, the
pitch and roll inevitably drift just like the remaining 4-DOF
components of the pose. In this section, we further fuse
visual information with the gravity prior to refine the 6-DOF
pose and prevent the drift of pitch and roll angles. To handle
time-varying accelerations and adaptively weight the gravity
prior, we follow [24] and jointly optimize the pose and the
gravity prior covariance online.

The state vector is expanded to include not only the
relative 4-DOF pose between the current frame and keyframe
but also the absolute orientation at each intermediate IMU
measurement time. Specifically, the state is defined as χ =
[ψ, CKt

⊤, ϕ1, θ1, . . . , ϕK , θK ]⊤. Here, ψ and C
Kt are the rela-

tive yaw and translation from the previous keyframe, while
(ϕk, θk)

K
k=1 represents the absolute roll and pitch of the

IMU with respect to the world frame W at each of the
K intermediate IMU measurement instants between the
keyframe and current frame. The corresponding residuals are:

1) Visual residuals: For each inlier i ∈ I, this is
the 2D reprojection error rvis,i = qi − h(CKR

Kpi +
C
Kt).

Here, the relative rotation C
KR is fully determined by

{ψ, ϕ1, θ1, ϕK , θK , CIR}.
2) Gravity prior residuals: Under the assumption of low

motion acceleration, the accelerometer reading āk should
align with the gravity vector Wg transformed into the IMU
frame. We define the residual as the directional difference:
rimu,k(χ) = āk − I

WR(ϕk, θk)
Wg. Here, I

WR(ϕk, θk) is
the rotation from world to IMU constructed from the state
variables ϕk and θk, and Wg is the unit gravity vector.
This residual measures the non-gravitational component of
acceleration. A non-zero value indicates either the violation
of the low motion acceleration assumption or a misalignment
in the estimated orientation {ϕk, θk}.

The underlying estimation problem is heteroscedastic due
to multi-sensor fusion with time-varying noise. We jointly
estimate the state χ and the IMU measurement covariance
Σimu by solving:

min
χ,Σimu

∑
i∈I

∥rvis,i(χ)∥2Σvis
+

K∑
k=1

∥rimu,k(χ)∥2Σimu
, (10)

where ∥r∥Σ ≜ (r⊤Σ−1r)
1
2 . The visual covariance matrix

Σvis is computed once at the beginning from the consistent
2D noise variance estimate obtained in Section III-D and
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Fig. 3: System architecture of the proposed stereo-inertial
odometry framework.

remains fixed, reflecting the stable characteristics of feature
detection.

We employ a BCD strategy to solve (10), iterating between
updating the state χ and the IMU covariance Σimu.

1) State Update: With Σimu held fixed, the state vector
χ is updated by solving the non-linear least-squares prob-
lem (10) using a GN iteration.

2) Covariance Update: With χ held fixed, we first
compute the sample covariance of the IMU residuals Simu =
1
K

∑K
k=1 rimu,kr

⊤
imu,k. This matrix directly reflects the robot’s

recent motion dynamics. During aggressive maneuvers, the
low-acceleration assumption is violated, leading to large
residuals and a large Simu. We then update Σimu using the
analytical Wishart-MAP solution from [24, Thm. 1]. This
update is a Bayesian procedure that computes a posterior
by optimally blending the prior covariance with the likeli-
hood information Simu. This mechanism adaptively adjusts
the weight of the IMU gravity constraint: a larger sample
covariance Simu results in a larger posterior covariance Σimu,
which in turn reduces the weight (Σ−1

imu) of the IMU prior
term during optimization.

The above gravity-assisted joint optimization serves two
critical functions. First, it refines the initial 4-DOF pose
into a full, high-fidelity 6-DOF estimate. Second and more
importantly, it provides a mechanism to counteract the drift
of the roll and pitch estimates. By continuously anchoring the
orientation to the stable, non-drifting global gravity vector,
this step effectively acts as a probabilistic complementary fil-
ter, correcting the drift inherent in the gyroscope integration
and helping the decoupling of pitch and roll in Section III-B.

V. SYSTEM REALIZATION

In this section, we present the full implementation of our
proposed GeVI-SLAM system. The architecture of the GeVI-
SLAM system, depicted in Fig. 3, includes a frontend and
a backend to achieve both high-frequency pose tracking and
long-term global consistency.

A. Frontend

The frontend initializes, following VINS-Mono [6], by
jointly estimating initial velocity, gravity direction, and

gyroscope biases. With a stereo camera, the metric scale
is directly observable, avoiding the large motions needed
by monocular scale recovery and improving initialization
robustness. For each new stereo frame, we track features
via optical flow, reject outliers with a 4-DOF minimal-set
consensus filter constrained by predicted IMU pitch and
roll, run the 4-DOF consistent estimator (7) followed by
a single epipolar GN refinement, and finally use a joint
state–covariance estimation module with the IMU gravity
prior to output the pose. If too few features are tracked, the
frame is promoted to a new keyframe, as in [25].

4-DOF Minimal-Set Consensus Filter. To efficiently
identify the inlier set for pose tracking with pitch and roll
constraints, the frontend embeds the minimal 3-point LS
solver in Eq. (6) into a RANSAC framework. The number
of iterations needed to reach confidence p with inlier ratio
w is N ≥ log(1 − p)/ log

(
1 − w s

)
[26], where s is the

sample size per iteration. Note that to uniquely represent the
4-DOF pose χ ∈ R4, one needs a five-dimensional vector;
we use x ≜ [cos(ψ), sin(ψ), CKt

⊤]⊤ ∈ R5. Since each feature
correspondence provides two independent constraints, s = 3
(which we use) is the minimal case, offering a substantial
efficiency advantage over conventional 5-point RANSAC
(s = 5). Assuming fixed p, the theoretical minimum iter-
ation ratio between our 3-point and the 5-point schemes is
N3/N5 = Θ(w2).

B. Backend

The backend employs a dual-threaded optimization strat-
egy to ensure both real-time performance and long-term
global consistency. After the 6-DOF pose refinement in
the frontend, the pose graph optimization thread optimizes
all historical poses incrementally, implemented using GT-
SAM [27]. The graph is connected by IMU preintegration
factors and the relative pose factors derived from gravity-
assisted visual estimation. To preserve real-time tractability,
3D landmarks are excluded in this optimization. Concur-
rently, a mapping thread builds a globally consistent map
asynchronously. Upon receiving a new keyframe, this thread
triangulates new landmarks and initiates a local Bundle Ad-
justment (BA). Similar to [25], this BA jointly optimizes the
poses of a local window of keyframes and the 3D positions
of their associated landmarks. Landmarks exhibiting large
reprojection errors after optimization are deleted from the
map. After the local BA converges, the optimized, more
globally consistent poses are injected back into the pose
graph as high-confidence absolute pose priors. These priors
act as anchors, aligning the recent trajectory of the global
map and thereby mitigating accumulated drift.

VI. EXPERIMENTS

A. Experiments on Synthetic Data

The purposes of the simulations are three-fold: 1) verifying
the consistency and asymptotic efficiency of our BE 4-DOF
estimator; 2) demonstrating the efficiency and robustness of
the proposed 4-DOF minimal-set consensus filter; 3) showing
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Fig. 4: (a)-(b): Our 4-DOF PnP estimator achieves CRLB accuracy, outperforming other PnP methods. (c): Our 4-DOF
minimal-set consensus filter achieves better accuracy at a lower computational cost than the 5-point method. (d): Our adaptive
fusion framework maintains drift-free roll and pitch estimates.

the ability to adaptively fuse the IMU gravity prior and main-
tain drift-free pitch and roll estimates. In our simulations, the
baseline of the stereo camera is set as t = [0.2, 0, 0]⊤ m and
R = I. The camera has a focal length of f = 1100 pixels,
an image size of 800 × 800 pixels, and captures 3D points
at depths ranging from 1 to 10 meters. Unless otherwise
specified, Gaussian noises with a standard deviation of 2.5
pixels are added to 2D features.

1) Estimator Consistency and Accuracy: We evaluate
the statistical properties of our 4-DOF PnP estimator via
a 700-run Monte Carlo simulation. The results, presented
in Fig. 4a and Fig. 4b, benchmark the RMSE of our
estimators against several widely used and state-of-the-art
solvers, including CPnP [28], EPnP [29], DLS-PnP [30], and
PCA-PnP [31]. The theoretical lower bound, CRLB, is also
included. As depicted, our initial estimator (Ours w.o.
GN) is consistent, as the RMSEs of both yaw and translation
decrease linearly in the double-log plot as the point count
increases. This property stems from our bias elimination
method, which guarantees the estimate converges to the true
pose. Leveraging this consistent estimate, a single-step GN
iteration (Ours) is sufficient to asymptotically find the global
minimum of the ML problem (1) and achieve the CRLB
accuracy. The compared methods are either inconsistent or
unable to reach the CRLB. We also note that our 4-DOF
estimator remains operational with as few as three points and
consistently provides the most accurate estimates across all
point numbers. To further assess our estimator’s robustness
in a more practical context, we introduce roll and pitch
noise with a standard deviation of 0.01◦ to simulate typical
IMU pre-integration errors. Even with this perturbation, our
method (Ours (Noisy Rθϕ)) still coincides with the
CRLB, highlighting the framework’s resilience.

2) Effectiveness of Minimal-Set Outlier Rejection: To
evaluate practical robustness and efficiency with outliers,
we vary the outlier ratio from 10% to 30% and run 400
Monte Carlo trials within a RANSAC framework. Our 4-
DOF minimal-set consensus filter, in conjunction with the

consistent estimator, uses a noisy roll and pitch prior with
a 0.2◦ standard deviation and is benchmarked against MAT-
LAB’s 5-point RANSAC. As shown in Fig. 4c, our method
delivers stable yaw and translation-direction estimates across
all outlier rates and significantly outperforms the 5-point
baseline. Moreover, with 30% outliers, our method reduces
68.5% of the computation time compared to the 5-point
essential-matrix RANSAC. Together, these results highlight
that our minimal-set consensus filter achieves both higher
accuracy and lower computational complexity in practical
scenarios with outliers.

3) Validation of Adaptive Fusion for Drift-Free Pitch/Roll:
We simulate a 150-second trajectory, where the motion
acceleration is time-varying and upper-bounded by 1 m/s2

to account for water resistance. During the simulation, the
gyroscope is corrupted by both white noise and a slowly
drifting bias. The pose error curves in Fig. 4d show the
expected yaw and translation drift, whereas the roll and pitch
errors are drift-free and stay near zero, consistent with our
claim on the gravity-enhanced joint optimization in Sec-
tion IV. The figure also shows that as the motion acceleration
increases, the estimated IMU gravity prior covariance grows,
reducing the weight for the gravity prior residual. Hence,
the estimator relies more on visual measurements. In low-
acceleration periods, the gravity prior regains influence, and
the attitude is re-anchored, suppressing pitch and roll drift.
These results confirm the effectiveness of our adaptive fusion
for accurate and drift-free roll/pitch estimation over long
horizons.

B. Real Water Pool Experiments

To validate real-world performance, we conducted under-
water trials with a custom 60 kg robot in a 10 m × 5 m,
2 m-deep artificial pool with 10 underwater motion-capture
cameras for ground truth. The robot carries a hardware-
synchronized downward-facing stereo camera (1280×720,
10 Hz) and an MTI-630 IMU (200 Hz). Two scenarios are
covered: (i) scenes with numerous, highly similar feature
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points where we collect the POOL-EASY dataset and (ii)
feature-sparse, largely coplanar scenes where we collect the
POOL-HARD dataset. The POOL-HARD dataset features
low texture and higher average accelerations.

We benchmark against state-of-the-art open-source meth-
ods: ORB-SLAM3 [8], VINS-Fusion [6], and SVIN2 [4],
using ATE and RPE as metrics. For fairness, ORB-SLAM3
and VINS-Fusion are run with their EuRoC Micro Aerial
Vehicle (MAV) dataset configuration files, while SVIN2 is
run in VI-only mode with sonar and depth sensors disabled.
Qualitative results are shown in Fig. 6, which shows that our
method achieves better consistency with ground truth.

The quantitative results in Table I show superior accuracy
and robustness of our method. On the POOL-EASY dataset,
our method consistently achieves the best performance in
both ATE and RPE, except for the ATE of Easy6 sequence.
We note that SVIN2 fails to complete the full trajectory
estimation in all sequences. This is because in these repetitive
scenes, the BRISK feature descriptor used by SVIN2 yields
a large portion of outliers that will be filtered out, leaving
too few inliers to reliably initialize and track, as illustrated
in the top right in Fig. 5.

The performance gap widens significantly on the more
demanding POOL-HARD dataset. In this dataset, SVIN2
only fails in one sequence, as a calibration board is placed in
the environment to aid initialization. However, ORB-SLAM3
fails in all sequences. This is because the ORB descriptor
detects fewer stable corners in these texture-less scenes and
is prone to early tracking loss, as shown in the bottom
left in Fig. 5. Compared to our methods, VINS-Fusion
requires additional scale initialization, which needs more
motion excitation and occasionally leads to failure. Notably,
our system is the only method that successfully completes
all sequences on the POOL-HARD dataset. Meanwhile, it
exhibits significantly better RPE and consistently delivers the
best or second-best ATE. The RPE superiority of our system
is mainly attributed to the consistent 4-DOF PnP estimator
and adaptive 6-DOF relative pose refinement.
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Fig. 5: Illustration of feature matching: ORB-SLAM3 (ORB)
vs. SVIN2 (BRISK). The green denotes inliers, while the
yellow indicates outliers.

TABLE I: Comparison of ATE and RPE on the POOL-
EASY and POOL-HARD datasets. Values in blue bold are
the smallest and blue are the second smallest.

Seq ATE (m) RPE (m)

Ours ORB* VINS SVIN2 Ours ORB* VINS SVIN2

POOL-EASY

Easy1 0.0116 0.0128 0.0127 failed 0.0100 0.0101 0.0264 failed
Easy2 0.0173 0.0196 0.0190 failed 0.0188 0.0188 0.0487 failed
Easy3 0.0319 0.0339 failed failed 0.0106 0.0106 failed failed
Easy4 0.0211 0.0218 0.0657 failed 0.0111 0.0111 0.0492 failed
Easy5 0.0147 0.0157 0.0158 failed 0.0134 0.0135 0.0354 failed
Easy6 0.0219 0.0217 0.0408 failed 0.0104 0.0105 0.0262 failed
Easy7 0.0270 0.0485 0.0344 failed 0.0095 0.0095 0.0238 failed

POOL-HARD

Hard1 0.0246 failed failed 0.0282 0.0151 failed failed 0.0631
Hard2 0.0463 failed 0.0513 0.0312 0.0256 failed 0.0456 0.0710
Hard3 0.0406 failed 0.0353 0.0343 0.0190 failed 0.0350 0.0640
Hard4 0.0486 failed 0.0538 0.0301 0.0207 failed 0.0344 0.0731
Hard5 0.0333 failed failed failed 0.0158 failed failed failed
Hard6 0.0280 failed 0.0338 0.0365 0.0149 failed 0.0260 0.0598
Hard7 0.1054 failed failed 0.0536 0.0078 failed failed 0.0485

* denotes the stereo-only mode. The stereo-IMU mode of ORB-SLAM3 is
not used as it is difficult to successfully initialize underwater due to the
robot’s inability to provide sufficient acceleration for IMU excitation.

VII. CONCLUSION AND FUTURE WORK

We presented GeVI-SLAM, a gravity-enhanced stereo vi-
sual–inertial SLAM that reduces 6-DOF tracking to a 4-DOF
PnP problem. A BE initializer with one-step Gauss–Newton
achieves CRLB-level accuracy, and a 4-DOF minimal-set
consensus filter efficiently rejects outliers. An adaptive 6-
DOF refinement jointly estimates pose and IMU prior co-
variance, keeping roll/pitch drift-free. Simulations and real
pool experiments show superior accuracy and robustness over
ORB-SLAM3, VINS-Fusion, and SVIN2.

Limitations include yaw/translation drift without loop clo-
sure, the lack of refractive modeling, and uncharacterized
roll/pitch uncertainty within the 4-DOF formulation. Future
work will add robust loop closure and place recognition for
underwater scenes, refractive camera modeling, fusion with
DVL/pressure/range measurements, and field validation.
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