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Abstract— This paper presents a real-world validation of the
OpenVINS visual–inertial odometry framework on a custom
wheeled mobile robot equipped with a stereo camera, an IMU,
and wheel encoders. We additionally introduce a lightweight
wheel-odometry integration method that preserves the original
OpenVINS MSCKF architecture. Inspired by the RK4-based
motion integration strategy used in MINS, the method con-
verts wheel measurements into relative-motion constraints and
incorporates them during the filter update without augmenting
the estimator state. This design retains the computational
profile of standard OpenVINS while providing complementary
motion information when visual tracking degrades because of
motion blur, low texture, repetitive structure, or illumination
changes. Experiments on representative closed-loop trajectories
show that the wheel-assisted configuration yields more stable
estimates and reduced drift relative to baseline OpenVINS,
with the clearest gains in visually challenging sequences. The
results indicate that lightweight wheel assistance can improve
the practical robustness of OpenVINS for deployable ground
robots.

I. INTRODUCTION
Visual–inertial odometry (VIO) is a key capability for mo-

bile robots operating in GPS-denied environments because
it combines the complementary strengths of cameras and
inertial sensors. Cameras provide rich geometric informa-
tion about the scene, while inertial measurements supply
high-rate motion cues during rapid maneuvers and brief
visual dropouts. This combination enables metric motion
estimation for navigation, mapping, obstacle avoidance, and
control on compact embedded platforms. Among practical
VIO formulations, the multi-state constraint Kalman filter
(MSCKF) [1] remains attractive because it offers a favorable
balance between estimation accuracy and computational cost.
OpenVINS [2] , which builds on this formulation, has there-
fore become a useful open-source platform for both research
and deployment. Validating OpenVINS on real hardware is
important not only to characterize nominal performance, but
also to expose timing, calibration, vibration, and platform-
specific effects that often appear only in field operation.

Despite its strengths, pure VIO remains sensitive to several
common failure modes. Motion blur, low-texture scenes,
repetitive structure, illumination changes, and transient oc-
clusions can reduce the number and quality of tracked
features [3], while IMU bias and noise accumulate into
drift over long trajectories [4] . These effects are especially
problematic on wheeled ground robots [5] , whose motion
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often consists of prolonged straight segments, brief stops, and
gentle turns that provide limited excitation for the estimator.
As a result, the most informative validation scenarios are
often the ones in which baseline OpenVINS becomes fragile
rather than nominally easy trajectories.

Wheel odometry provides complementary motion infor-
mation in exactly these situations. Encoder-based measure-
ments are inexpensive, widely available on ground robots,
and informative about short-term translation and heading
change even when visual tracking degrades. For this reason,
several studies have fused wheel measurements with visual–
inertial estimation through tightly coupled optimization and
online calibration [6]–[8], motion models and constraints
tailored to wheeled platforms [9], and broader multisensor
frameworks such as MINS [10]. The challenge is that im-
proved robustness often comes at the cost of higher estimator
complexity through state augmentation, additional calibration
variables, or heavier back-end computation. For deployable
robotic systems, preserving real-time performance is often as
important as improving estimation accuracy.

This paper addresses that trade-off with a lightweight
wheel-odometry integration strategy for OpenVINS. Inspired
by the RK4-based motion integration used in MINS [10],
the proposed method converts wheel measurements into
relative-motion constraints between consecutive OpenVINS
clones and incorporates them during the filter update without
augmenting the estimator state. In this way, the original
MSCKF structure and computational profile of OpenVINS
are preserved, while the estimator gains additional motion
information when visual measurements become weak or
unreliable.

The contributions of this work are threefold. First, we
provide a real-hardware validation of baseline OpenVINS
on a custom wheeled robot equipped with a stereo camera,
an IMU, and wheel encoders. Second, we introduce an
RK4-based wheel-odometry update that is compatible with
the original OpenVINS state representation and does not
require estimator-state augmentation. Third, we compare the
baseline and wheel-assisted configurations on indoor and
outdoor closed-loop trajectories to assess improvements in
trajectory consistency, drift behavior, and robustness under
representative operating conditions.

The remainder of the paper is organized as follows.
Section II describes the sensor system and calibration pro-
cedure. Section III presents the proposed RK4-based wheel
integration method. Section IV describes the experimental
setup. Section V reports the comparative results, and Section
VI concludes the paper.



Fig. 1. Sensor suite used in the experiments.

II. SENSOR SYSTEM

To validate baseline OpenVINS and the proposed wheel-
assisted variant, a compact sensor suite was mounted on the
robot. The system consists of a ZED X stereo camera [11],
an Xsens MTi-7 IMU [12], and an NVIDIA Jetson Orin NX
for onboard logging and computation. The sensor suite is
shown in Fig. 1, and the main hardware specifications are
summarized in Table I.

TABLE I
MAIN SENSOR SPECIFICATIONS

Component Specification
Stereo Camera: ZED X

Resolution 1920×1200 per eye
Lens 4 mm
Frame rate 30 fps
Shutter Global shutter
Interface GMSL2

IMU: Xsens MTi-7
Sensors 3-axis accelerometer, gyroscope, magnetometer
Output rate 100 Hz

Vision and Inertial Sensors

The ZED X stereo camera operates at 30 fps with a global
shutter, which helps reduce motion-induced image distortion.
The Xsens MTi-7 provides accelerometer and gyroscope
measurements at 100 Hz and serves as the inertial input
to OpenVINS. IMU noise parameters were identified offline
using Allan variance analysis [13] and used to configure the
estimator noise model.

Wheel Odometry Source

The sensor module itself does not include wheel encoders.
Instead, wheel-based odometry is obtained from the host
robot through a ROS 2 nav msgs/Odometry topic. This
estimate is generated online by the robot localization
EKF [14], which fuses wheel encoder and IMU measure-
ments. In the proposed system, this odometry provides the

auxiliary motion input used by the wheel-assisted OpenVINS
update.

Calibration and Data Collection

Camera–IMU spatial and temporal calibration was per-
formed offline using Kalibr [15]. All data streams, including
stereo images, raw IMU measurements, and fused wheel
odometry, were recorded on the Jetson Orin NX using ROS 2
and replayed offline for repeatable evaluation.

III. METHODOLOGY

A. Frames and Calibration

Following the OpenVINS convention, we denote the
global (inertial) frame by G , the IMU body frame by B,
the camera frame by C , and the wheel-odometry frame by
O . The camera–IMU extrinsic calibration is represented as

BTC =

[
BRC

BpC

01×3 1

]
(1)

where BRC ∈ SO(3) and BpC ∈R3. A constant temporal
offset between the camera and IMU clocks is denoted by
∆tC B . These parameters are obtained offline using Kalibr
and are treated as fixed during estimation.

Wheel odometry is referenced to frame O . The rigid
transform between the IMU and odometry frames is

OTB =

[
ORB

OpB

01×3 1

]
, (2)

with ORB and OpB obtained from offline calibration and
kept constant throughout the experiments.

B. Wheel Odometry Model

We consider a wheeled robot operating primarily on pla-
nar surfaces [9]. The odometry source provides linear and
angular velocity estimates, expressed in the IMU frame, as

Bvw(t) = [vx,vy,vz]
⊤, B

ωw(t) = [ωx,ωy,ωz]
⊤. (3)

For differential-drive or skid-steer robots, the dominant terms
are typically the forward velocity vx and yaw rate ωz [9].
Nevertheless, the full 3-D twist is retained to remain consis-
tent with the IMU-centric estimator state.

Assuming a rigid transform between the IMU and the
odometry reference point, wheel measurements are modeled
as noisy observations of the IMU body twist:

Bvw(t) = Bv(t)+
[
B

ω(t)
]
×

Bpo +nv(t), (4)

B
ωw(t) = B

ω(t)+nω(t), (5)

where Bpo is the lever arm between the IMU and the
odometry reference point, [·]× denotes the skew-symmetric
matrix, and nv, nω are zero-mean measurement noise terms.



C. RK4 Wheel Preintegration

Let ti and t j denote two consecutive clone times in the
MSCKF sliding window [1]. All wheel measurements in
the interval [ti, t j] are integrated to form a relative motion
increment [16]

∆Ti j =

[
∆Ri j ∆pi j
01×3 1

]
∈ SE(3), (6)

where ∆Ri j ∈ SO(3) and ∆pi j ∈ R3. which represents the
odometry-frame motion at time t j relative to time ti.

To reduce integration error during high-rate motion, the
relative motion is computed using fourth-order Runge–Kutta
(RK4) integration [17]. At the start of each preintegration
interval, the relative state is initialized as

∆qi = [0,0,0,1]⊤, ∆pi = 0, (7)

where ∆q is the quaternion corresponding to ∆R.
For each wheel measurement interval [tk, tk+1], with ∆t =

tk+1 − tk, the measured velocities are linearly interpolated as

ω(τ) =ωk+
ωk+1 −ωk

∆t
τ, v(τ) = vk+

vk+1 −vk

∆t
τ, (8)

for τ ∈ [0,∆t].
The rotational and translational dynamics are

fq(q,ω) =
1
2

Ω(ω)q, fp(q,v) = R(q)⊤v, (9)

where Ω(·) is the standard quaternion rate matrix and R(q)
is the rotation corresponding to quaternion q.

Using midpoint values

ω̄k =
ωk +ωk+1

2
, v̄k =

vk +vk+1

2
, (10)

the RK4 stages are

kq
1 = fq(∆qk,ωk), kp

1 = fp(∆qk,vk),

kq
2 = fq

(
∆qk +

∆t
2

kq
1, ω̄k

)
, kp

2 = fp

(
∆qk +

∆t
2

kq
1, v̄k

)
,

kq
3 = fq

(
∆qk +

∆t
2

kq
2, ω̄k

)
, kp

3 = fp

(
∆qk +

∆t
2

kq
2, v̄k

)
,

kq
4 = fq

(
∆qk +∆t kq

3,ωk+1
)
, kp

4 = fp
(
∆qk +∆t kq

3,vk+1
)
.

(11)
The preintegrated state is then updated as

∆qk+1 = normalize
(

∆qk +
∆t
6
(
kq

1 +2kq
2 +2kq

3 +kq
4

))
,

(12)

∆pk+1 = ∆pk +
∆t
6
(
kp

1 +2kp
2 +2kp

3 +kp
4

)
. (13)

Accumulating these updates over all wheel samples between
ti and t j yields the relative increment (∆Ri j,∆pi j).

D. Covariance Propagation and MSCKF Update

The uncertainty of the preintegrated wheel motion is
modeled using the 6-DoF error state [17]

δx =

[
δθ

δp

]
, n =

[
nω

nv

]
. (14)

where δθ ∈R3 is the SO(3) tangent-space rotation error and
δp∈R3 is the additive position error of the preintegrated
motion. Its discrete-time propagation is

δxk+1 = Fkδxk +Gknk, (15)

Pk+1 = FkPkF⊤
k +GkQkG⊤

k , (16)

with

Fk =

[
∆Rk(∆Rk−1)

⊤ 0
−[∆pk −∆pk−1]× I3

]
, Gk =

[
I3 ∆t 0

0 (∆Rk−1)
⊤∆t

]
(17)

The preintegrated motion is used as a relative measurement
between clone states. Let (Rest

i j ,pest
i j ) denote the relative

motion predicted by the current MSCKF state. The wheel
residual is then

rwheel =

[
−Log

(
∆Ri j (Rest

i j )
⊤
)

∆pi j − pest
i j

]
(18)

The corresponding Jacobians are computed using the first-
estimate Jacobian (FEJ) principle [18], [19] to preserve filter
consistency. This residual is injected into OpenVINS as
a standard MSCKF update, allowing wheel information to
improve robustness without augmenting the estimator state.

IV. EXPERIMENTAL SETUP

The proposed wheel-assisted OpenVINS system was eval-
uated on a custom wheeled mobile robot in both indoor and
outdoor environments. The experiments were designed to
examine estimator behavior under different visual conditions
and motion profiles, including visually challenging corri-
dor navigation and feature-rich outdoor operation. For fair
comparison, the baseline OpenVINS configuration and the
proposed wheel-assisted configuration were both executed
offline using the same recorded ROS 2 bag files. In this way,
both pipelines processed identical stereo, IMU, and wheel-
odometry inputs.

The evaluation included three representative scenarios: an
indoor corridor run, an outdoor straight-line run, and an out-
door free-form trajectory. The indoor and free-form outdoor
runs were performed on paths that returned approximately
to the starting location, allowing the consistency of the esti-
mated trajectory to be inspected visually from the start–end
alignment. Since OpenVINS was used in odometry mode,
this behavior reflects estimator drift rather than explicit loop-
closure correction. When a reference trajectory was available,
standard trajectory error metrics were additionally reported.
The experiments covered typical ground-robot motion, in-
cluding straight segments, turns, and short stops, with run
durations of approximately 5–10 minutes.



Fig. 2. Custom wheeled mobile robot platform used in the experiments.

A. Robot Platform

The experiments were conducted on a four-wheeled skid-
steer mobile robot measuring 280 mm in width and 650 mm
in length, with 140 mm diameter wheels. Each wheel is
actuated by a brushless DC motor equipped with quadra-
ture encoders. Encoder measurements are processed by
an ESP32 microcontroller and transmitted to the Jetson
Orin NX through micro-ROS [20]. On the Jetson, the
robot localization package [14] fuses wheel encoder
and IMU measurements using an EKF to produce the odom-
etry stream used by the proposed method.

The sensor module described in Section II is rigidly
mounted on the robot chassis. The ZED X stereo camera
faces forward, and the Xsens MTi-7 IMU is mounted in
close proximity to reduce lever-arm effects. The complete
experimental platform is shown in Fig. 2.

B. Indoor Corridor Scenario

The indoor experiment was carried out in a corridor envi-
ronment, shown in Fig. 3. Such environments are challenging
for visual–inertial odometry because walls and floors often
contain repetitive structure and limited distinctive texture. As
a result, feature tracking can become less reliable, increasing
the likelihood of accumulated drift. This scenario was there-
fore selected to assess the benefit of wheel odometry under
weak visual conditions.

Both the baseline and wheel-assisted configurations com-
pleted the indoor run without tracking failure.

C. Outdoor Scenarios

The outdoor experiments were conducted on a flat concrete
surface under natural lighting, as shown in Fig. 4. Com-
pared with the indoor corridor, the outdoor scene provides
richer texture and a larger number of distinctive visual fea-
tures, which generally improves feature tracking and benefits
visual–inertial estimation.

Two outdoor tests were considered. The first was a
straight-line run for which a reference trajectory was avail-
able, enabling quantitative comparison. The second was
a free-form path without external ground truth, evaluated
qualitatively through the geometric consistency of the esti-
mated trajectory. Both configurations completed the outdoor
experiments without tracking failure.

V. RESULTS AND VALIDATION

This section compares the baseline OpenVINS estimator
with the proposed wheel-assisted OpenVINS configuration.
When a reference trajectory was available, performance was
evaluated using standard trajectory error metrics: root mean
square error (RMSE), mean absolute pose error (Mean APE),
maximum absolute pose error (Max APE), and mean relative
pose error (Mean RPE). For sequences without external ref-
erence, the comparison is based on the geometric consistency
of the estimated trajectory and its final alignment with the
starting point.

A. Indoor Corridor Results

The quantitative results for the indoor corridor experiment
are summarized in Table II. In this visually challenging
environment, the wheel-assisted configuration improves per-
formance across all reported metrics.

TABLE II
TRAJECTORY ERROR METRICS FOR THE INDOOR EXPERIMENT

Method RMSE Mean APE Max APE Mean RPE
OpenVINS 1.3445 1.1030 2.5585 0.0449
OpenVINS + Wheel 0.7388 0.6274 1.0562 0.0351

Compared with the baseline, the proposed method reduces
RMSE by approximately 45%, Mean APE by 43%, and
Max APE by 59%. Mean RPE is also reduced, indicating
improved local motion consistency. These results are con-
sistent with the role of wheel odometry as a complementary
constraint in environments where visual tracking is weakened
by repetitive structure and limited texture.

The estimated trajectories are shown in Fig. 5. Both
methods recover the overall path, but the wheel-assisted
configuration returns more consistently toward the starting
point and exhibits less accumulated drift over the course of
the run. This qualitative behavior agrees with the quantitative
error reduction reported in Table II.

Fig. 3. Indoor corridor environment used in the experiments. The repetitive
wall and floor patterns provide limited distinctive visual features for visual–
inertial estimation.



Fig. 4. Outdoor environment used in the experiments. The scene provides
richer visual texture and more distinctive features than the indoor corridor
sequence.

Fig. 5. Estimated trajectories for the indoor corridor experiment. The
wheel-assisted configuration shows improved trajectory consistency and
reduced drift relative to the baseline OpenVINS estimator.

B. Outdoor Results

The outdoor environment provides stronger visual con-
straints than the indoor corridor, so the baseline OpenVINS
estimator already performs relatively well. Nevertheless, the
results show that wheel odometry continues to provide a
useful complementary constraint, with the magnitude of
improvement depending on the motion profile.

Straight-Line Test: The outdoor straight-line experiment
provides a controlled scenario for quantitative comparison.
The estimated trajectories are shown in Fig. 6, and the
corresponding error metrics are listed in Table III.

TABLE III
TRAJECTORY ERROR METRICS FOR THE 65-METER OUTDOOR

STRAIGHT-LINE TEST

Method RMSE Mean APE Max APE Mean RPE
OpenVINS 0.1618 0.1287 0.4918 0.0060
OpenVINS + Wheel 0.1486 0.1184 0.4536 0.0053

The improvements in this test are modest but consis-
tent across all metrics. RMSE decreases from 0.1618 m to

0.1486 m, while Mean APE, Max APE, and Mean RPE also
show small reductions. This behavior is expected in a feature-
rich outdoor environment, where visual constraints are al-
ready strong and the baseline estimator performs well. Even
so, the results indicate that wheel odometry still contributes
a measurable stabilizing effect.

Free-Form Path Test: In the second outdoor experiment,
the robot followed a free-form path without an external
reference trajectory. The comparison is therefore qualitative
and is based on the geometric consistency of the estimated
motion, as shown in Fig. 7.

A clear difference can be observed between the two
configurations. The baseline OpenVINS trajectory exhibits
noticeable drift and does not return close to the initial
position at the end of the run. In contrast, the wheel-assisted
configuration produces a trajectory with substantially better
start–end consistency, indicating reduced drift accumulation
over the full trajectory.

This result complements the straight-line test. While the
straight-line scenario shows only modest quantitative im-
provement under favorable visual conditions, the free-form
experiment reveals that wheel odometry becomes more valu-
able as the motion becomes longer and more varied. Taken
together with the indoor results, the outdoor experiments
support the conclusion that wheel odometry provides a
meaningful complementary constraint across different envi-
ronments and motion profiles.

Overall, the experiments show that the proposed inte-
gration improves OpenVINS most clearly when visual in-
formation is weak or when drift accumulates over longer
trajectories. The gains are strongest in the indoor corridor
sequence, modest but consistent in the outdoor straight-

Fig. 6. Estimated trajectories for the outdoor straight-line experiment.

Fig. 7. Estimated trajectories for the outdoor free-form path experiment.



line test, and qualitatively significant in the outdoor free-
form run. These findings support the main claim of the
paper: wheel odometry can be incorporated into OpenVINS
in a lightweight manner that improves robustness without
modifying the estimator state.

VI. CONCLUSIONS

This paper presented a lightweight integration of wheel
odometry into the OpenVINS visual–inertial odometry
framework and validated the resulting system on a custom
wheeled mobile robot. The proposed method incorporates
wheel-derived motion information as an additional relative-
motion update between consecutive MSCKF clone states,
using RK4-based preintegration while preserving the original
OpenVINS state representation. In contrast to approaches
that increase estimator dimension or rely on heavier op-
timization back-ends, the proposed formulation retains the
architectural simplicity and real-time computational profile
of standard OpenVINS.

Experimental evaluation in both indoor and outdoor en-
vironments showed that the wheel-assisted configuration
consistently improves estimation robustness relative to the
baseline OpenVINS system. In the indoor corridor experi-
ment, where repetitive structure and limited texture weaken
visual constraints, the proposed method reduced the trajec-
tory RMSE by approximately 45%, the mean absolute pose
error by about 43%, and the maximum absolute pose error by
nearly 59%. In the outdoor straight-line experiment, where
visual conditions were more favorable, the improvement
was smaller but remained consistent across all reported
error metrics. In the outdoor free-form experiment, where
no external reference trajectory was available, the wheel-
assisted configuration produced substantially better trajectory
closure and start–end consistency, indicating reduced drift
accumulation over the full run.

Taken together, these results show that wheel odometry
provides a practical and effective complementary sensing
modality for visual–inertial estimation on wheeled ground
robots. Its contribution is most evident when visual infor-
mation is degraded or when drift accumulates over longer
trajectories, but the experiments also show that it remains
beneficial under favorable visual conditions. The main out-
come of this work is therefore not only the validation of
OpenVINS on a real robotic platform, but also the demon-
stration that meaningful robustness gains can be achieved
through a minimally invasive wheel-assisted extension that
does not require estimator-state augmentation.

Future work will focus on broader quantitative evalu-
ation with external ground truth, testing under more ag-
gressive motion and slip conditions, and investigating more
explicit wheel-motion models that account for platform-
dependent nonidealities. These directions would help fur-
ther clarify the limits and practical deployment potential
of lightweight wheel-assisted visual–inertial odometry for
embedded robotic systems.
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