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Online Calibration of a Single-Track Ground Vehicle Dynamics Model
by Tight Fusion with Visual-Inertial Odometry
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Abstract— Wheeled mobile robots need the ability to esti-
mate their motion and the effect of their control actions for
navigation planning. In this paper, we present ST-VIO, a novel
approach which tightly fuses a single-track dynamics model for
wheeled ground vehicles with visual-inertial odometry (VIO).
Our method calibrates and adapts the dynamics model online
to improve the accuracy of forward prediction conditioned
on future control inputs. The single-track dynamics model
approximates wheeled vehicle motion under specific control
inputs on flat ground using ordinary differential equations.
We use a singularity-free and differentiable variant of the
single-track model to enable seamless integration as dynamics
factor into VIO and to optimize the model parameters online
together with the VIO state variables. We validate our method
with real-world data in both indoor and outdoor environments
with different terrain types and wheels. In experiments, we
demonstrate that ST-VIO can not only adapt to wheel or ground
changes and improve the accuracy of prediction under new
control inputs, but can even improve tracking accuracy.

I. INTRODUCTION

Autonomous mobile robot navigation requires the ability
to perceive the extrinsic environment for localization and
knowledge of an accurate robot dynamics model for path
planning and control. Most previous works for ground robots
solve the problems of state-estimation and calibration of the
dynamics model of the robot drive separately. For the per-
ception and localization part, visual-inertial odometry (VIO)
methods (e.g. [1]-[3]) have become popular in the com-
puter vision community due to the low-cost and outstanding
tracking accuracy. On the other hand, many works from the
robotics community try to estimate vehicle slip angle and
vehicle parameters such as mass or tire coefficients where
vehicle pose, velocity, and acceleration can be measured by
GPS or other odometry methods (e.g. [4]-[6]). In this work,
we also focus on wheeled robots and propose a VIO method
that can estimate robot pose states and calibrate the dynamics
model of the drive jointly.

The integration of motion models into VIO has already
been extensively researched. Some studies aim to use motion
models with sensors such as wheel odometers to constrain
the VIO and improve the tracking accuracy (e.g. [7], [8]).
In contrast, studies like [9], [10] integrate the dynamics
models of a multicopter not just for improving tracking
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Fig. 1: ST-VIO performs windowed optimization (blue box)
with marginalization of old states (gray box) to estimate
vehicle motion and parameters of a single-track dynamics
model. The dynamics model is used as factor in the opti-
mization through ODE integration (green box, wheels: brown
rectangles, velocity: green, force: red, x-axis: longitudinal, y-
axis: lateral axis).

accuracy but also for external force prediction. In this study,
we focus on ground-based wheeled robots and incorporate
a dynamics model with friction and tire-ground interactions
into VIO. This model serves not only as a motion constraint
for tracking but is also calibrated online, improving the
accuracy of forward prediction based on control inputs.
We employ the single-track model, also referred to as the
bicycle model, where the left and right wheels are lumped
as one (green box in Fig. 1). It provides a good trade-
off between accuracy and computational efficiency [11].
The integration of this dynamics model into VIO presents
significant challenges. Firstly, the model’s behavior can vary
due to changes in terrain properties or tire conditions.
Secondly, this model encounters a singularity when vehicle
speed nears zero. To overcome these hurdles, we modify the
dynamics model to eliminate the singularity and implement
real-time online parameter calibration together with VIO
state variable optimization. Our method continuously adapts
the model, enabling more accurate predictions of vehicle
pose and velocity based on the latest state estimates and
new control inputs. This adaptive prediction could enable
potential applications in downstream tasks such as model-
predictive control and navigation planning.

We evaluate our method in robot experiments in indoor
and outdoor environments. Our experiments demonstrate that
integrating the robot drive dynamics model can improve
the tracking accuracy. Moreover, the online calibration is
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the main contributions of our work are: (1) We tightly
integrate a singularity-free single-track vehicle model which
is formulated as an ordinary differential equation (ODE) as a
multistep motion constraint for ground wheeled-robots into
VIO. This enables online real-time estimation and calibration
of model parameters alongside VIO state variables. (2) We
demonstrate that our method not only enhances VIO tracking
accuracy but also allows the model to adapt to variations in
terrain and vehicle properties.

II. RELATED WORK

Several prior works exist in the literature which model
wheeled vehicle dynamics and identify model parameters
by matching state estimates from the model with ground
truth recordings from real vehicles. Wielitzka et al. [5]
filter parameters of a double-track dynamics model with
vehicle states including side-slip angle using an Unscented
Kalman Filter based on a GPS-gyro measurement system. A
similar approach is taken in [6] which estimates parameters
of both a single-track model and an extended double-track
model that models air resistance and sprung and unsprung
mass separately. Aghli et al. [12] identify the parameters of
the robot dynamics model online using ground truth from
a motion capture system. In our approach, we calibrate
a single-track dynamics model online jointly with visual-
inertial odometry state estimation. Xu et al. [13] developed
a learning-based approach that trains multilayer perceptrons
or LSTMs [14] to model the dynamics. Kabzan et al. [11] and
Jiang et al. [15] train a Gaussian Process or neural residual
models to improve predictions of a base dynamics model.
Such data-driven methods, however, require that training and
test distribution are sufficiently similar to generalize well to
cases unseen during training, while our method adapts online.

Using visual-inertial sensors to estimate robot states is
appealing due to their lower cost and greater flexibility
compared to satellite measurements or motion capture sys-
tems. Since the VIO system for ground robot motion is
ill-posed [7], numerous previous studies have sought to
integrate and calibrate either kinematic or dynamic motion
models with VIO to enhance tracking accuracy (e.g., [16]—
[18]). These methods, however, typically do not pursue to
calibrate the parameters of the motion model online for
motion prediction as in our approach. Weydert [19] estimate
the vehicle ego motion and model parameters with a dual
ensemble EKF using stereo cameras. The method does not
learn a forward model mapping between control commands
and vehicle state like our method. In our previous work [20],
we calibrate parameters of a velocity-control based kine-
matic motion model online by tight integration with stereo
visual-inertial odometry [3]. However, the kinematic motion
model does not take tire-ground interaction and dynamics
into consideration. Notably, above mentioned methods such
as [18], [19] do not address low-speed scenarios due to
singularities of the dynamics model at zero speed, potentially
compromising consistent model calibration at low speeds.
Zhang et al. [21] propose a non-smooth model which caps
velocities at low speeds. An alternative approach mentioned

in [21] switches to a kinematic model which would add
complexity for integration as dynamics factor and prediction.
We adjust the dynamics model to eliminate singularities and
ensure it remains differentiable.

III. METHOD

In our approach we tightly fuse a single-track vehicle
dynamics model with VIO to improve state estimation and
facilitate online calibration. Throughout this paper, bold
capital letters (e.g., R) represent matrices, bold lowercase
letters represent vectors (e.g., v) and non-bold letters stand
for scalars (e.g., 7). We interchangeably denote the rigid
body pose as T € SE(3) or (R € SO(3),p € R3). The
origin of the world frame w is set to the initial position of
the camera, and its z-axis is upwards aligned with gravity.

A. Single-Track Dynamics Model

The single-track vehicle dynamics model is commonly
used for navigation of ground wheeled robot due to its
balance of simplicity and accuracy [11]. As depicted in
the green box of Fig. 1, the local body frame o locates
at the center of mass of the vehicle and is assumed to be
fixed. The x-axis of the body frame points forward and
the z axis (yaw axis) points upward. We define the state
variables of the dynamics system in the body frame o as
s=(z, y, 0, v, vy, w,) ,where z and y are the
2D position, and 6 is the yaw rotation along the z-axis. The
velocities vy, vy are the corresponding linear velocities and
w, is the yaw velocity. The control inputs of the dynamics
system are the throttle control w,, € [0,1] and steering
control ug, € [—1,1]. The dynamics system itself is an
ordinary differential equation (ODE) system expressed as

Fy — Fyysin(a)

S = (Ux — WzY, Uy + Wz Ty Wy, m + VyWsz,
Bpesla)t By, Wifeole) LB
m XW7Zs IZ

where m and I, are the vehicle mass and yaw momentum
of inertia. As illustrated in the green box of Fig. 1, Iy,
represent the distances from the front and rear wheels to
the center of mass, respectively, o denotes the front wheel
angle, Fy is the longitudinal force at the center of mass in
the body frame depending on the throttle input, while F ;. ,
refer to the lateral tire forces at the front and rear wheels.
We write the parameters that we aim to calibrate online as
a vector Pdyn = (’Ya Cthr,l Othr,Z Ores> Ctire)T~ The
first term ~y represents the steering ratio between the front
wheel angle and the steering input as @ = Yustr- Cinr,1/2
and C..s are longitudinal force related parameters: Fy, =
f(Cinr,1tthr — Cinr,2vx) — tanh(ovy)Cres. The first term
approximates the power-train force, which is a non-linear
function of throttle input, motor speed, and other effects [22].
We empirically approximates the non-linearity for our motor
with function f(z) = vz + 7log(l + exp(x)) — log(2),
that scales up the acceleration force and scales down the
deceleration force of the motor. The hyper-parameters
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Fig. 2: Factor graph of ST-VIO. Blue/white circles:
keyframe/recent frame variables; light green: first active
recent frame at ty. The dynamics factor (red) connects poses,
velocities, gyroscope biases, extrinsic poses of all active
recent frames and the dynamics model parameters at .

and 7 control the scaling ratio. We ignore the air drag force
and model the resistance as a scalar C,s, which is multiplied
with a hyperbolic tangent function tanh(owvy) such that no
false longitudinal force will be applied when the vehicle
stands still and no throttle input is given. Here, o is a
hyper-parameter that controls the steepness of the hyperbolic
tangent around zero. The hyper-parameters related to the lon-
gitudinal force, {1, 7,0}, are optimized offline as explained
in a later section. Lastly, Cli,. is the tire coefficient of a linear
tire model for the lateral tire force F'y /., as explained next.

Similar to [11], we estimate the lateral tire force from the
front and rear slip angle sy ., as depicted in Fig. 1. They are
the difference between the wheel angle and wheel velocity
angle and can be computed as

vy sin(a) — (vy + lyw,) cos(a)
g(vx cos(a) + (vy + lfw,) sin(a))’

2

sy = arctan

s, = arctan M, 3)
g9(vx)

where ¢g(z) = x in the original model. They are undefined
at zero longitudinal velocity, vy, = 0. In [21], this singularity
is handled by setting a constant lower bound for vy using
a threshold function. However, this non-smoothness compli-
cates its application in the factor graph optimization. Instead,
we use a soft thresholding function g(x) = log(exp(2z) +
1) — 2 to maintain differentiability of the model. We use a
linear tire model for computational efficiency and compute
the lateral tire forces by Fyy = Chiress, Fry = ChiveSr.

B. Integration of Single-Track Dynamics with VIO

The factor graph of the windowed optimization of our
ST-VIO is depicted in Fig. 2. Within each window, there’s
a collection of landmarks 1, keyframes, and active recent
frames. In the base VIO [3], the keyframe’s state is the pose
of the IMU in the world frame “'T;;, the recent frames’
states consist of frame pose, linear velocity in world frame
and IMU biases. The VIO method optimizes these state
variables by minimizing the reprojection residual between
landmarks and detected keypoints in the image frames, the

relative pose residual between consecutive recent frames
using IMU measurements, as well as the changes of the
IMU biases assuming random walk noise. As the window
shifts to the subsequent timestamp, all state variables from
the oldest recent frame are marginalized unless chosen as a
keyframe. The marginalized data is retained as the marginal-
ization prior. Due to space limitations, we kindly refer the
readers to [3] for more details. In our ST-VIO, we expand
the recent frames’ state by incorporating the extrinsic pose
from the vehicle body frame to the IMU frame, as well
as the dynamics model parameters. As a result, we model
both elements as time-varying to accommodate changes in
suspension and environmental conditions, respectively. In
previous works (e.g., [16]-[18]), the motion constraints are
computed between every two consecutive frames using the
state estimates and the parameters stored in the first one of
them. Since we are interested in multistep predictions into
the future, we compute the multistep motion constraint with
the state estimates and the parameters pgyn,s, stored at the
first active recent frame (denoted as at tp) in the current
optimization window. As shown in Fig. 2, the dynamics
factor thus connects all recent frames in the current window.

For a time interval between two frames [t,,tn+1], wWe
solve the ODE via the Runge-Kutta method based on
the most recent control input, and set the initial state as
s(ty,) = (0,0,0,vx,tn,vy,tn,wz_,tn)j If n = 0, the initial
velocity in body frame is computed from the VIO linear
velocity estimate Wv, gyroscope measurement 'w and ro-
tation °R; € SO(3) of the extrinsics transformation °T;:
w, = (ORi(iw — bg))z, Vey = PRV + °t; X Ow)x7y.
If the frame at ¢,, is not the first recent frame in the current
window, vy ¢, Vy 1, , Wz ¢, are set to the velocity solution of
the previous time interval. The control input can also appear
in between [t,,, t,+1]. In this special case, we first solve the
ODE based on the control before t,, until this new control
input. From the intermediate solution we solve the ODE
again based on the new control input until ¢,, .

The numerical solution of the ODE yields s;

9tn+1)

ty and ty, 41, and the 2D velocity (Uxt, ., Uyt s wz’t"H)T
in the local vehicle body frame o at the time %,4;. The
relative pose between ¢y and t,,4;, namely the multistep
prediction of the dynamics model, can be computed as

1 Which

contains the relative 2D pose (xtn 1 Y between

n+17

Tt cos (ttogtn)ffnﬂ — sin (zoetn)ynﬂ + iofftn
Ytory | = [sin (0, )Tns1 + cos (00, )ynt1 + “ue,
0,11 ©0;, + Ont1

4)

To compare the 6-DoF camera motion estimate of
the VIO with the 3-DoF ground motion prediction by
the motion model, we need to transform and project
the VIO estimate into the vehicle body frame. The
first step is to compute the 6-DoF relative pose be-
tween two timestamps e.g. tp and t,4; in body
frame o from VIO estimates and extrinsics: Ty, .,
oty (YTigy) Wi, (P Tiy.,,) . Then we
map the 6-DoF relative pose to 3-DoF by taking only the
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x and y component of the translation >"p,; . and z
component of the rotation O*t“Ro,f

b1
~ t

toxtn+1 (O7 OpO,tn+1)X

toyjn+1 = (07t0p0,tn+1)y . (5)

toetn+1 IOg (O’tORo,tn_,_l)Z

We penalize the difference between the predicted 2D pose by
the dynamics model (Eq. (4)) and the estimated 2D pose by
the VIO (Eq. (5)) in our dynamics residual. Additionally,
we compare the predicted local body velocity vy, vy, w,
and the velocity derived from VIO estimates vy,?, and
gyroscope measurement w,. The dynamics objective function
is Eqyn = Y pen rdyn nZ]dyln oFdyn,n, Where N’ is the
set of the recent frames except for the last one in the
window, X dyln , 18 a diagonal weight matrix, and rqy,, ., is
the residual vector stacked from position, orientation, and
velocity differences.

C. Geometry Constraints

Similar as in [7] we add a stochastic plane constraint into
the VIO system as the single-track model depicts only planar
motion. We assume that the trajectory of the vehicle body
frame always lies on a plane in the world frame and its z-axis
is always perpendicular to this plane The plane residual is
roane = (("Ri°R{ es)] ,d+ej (Vpi — WRiORiTOPi))T
where e3 = (0,0,1) ", and d is the distance between world
origin and initial vehicle body position, and °p; is the trans-
lation of the extrinsics transformation °T;. Moreover, we
also incorporate prior knowledge of the vehicle’s geometry
information. Fig. 3 shows the mobile robot we use in this
work. We assume that the vehicle body frame locates close
to the longitudinal axis of the vehicle because the vehicle
is roughly symmetric along this axis. Since the suspension
does not affect the yaw rotation of the camera wrt. the vehicle
body frame, we also penalize the yaw component of °R; with
(ORieg)y, where e3 is the forward axis of the IMU frame. We
assume that the lateral distance between body and IMU frame
(°pi)y is close to the lateral distance between the vehicle
center and the IMU frame [c,m 1. The longitudinal distance
between body and IMU frame (°p;)x is close to the sum of I f
and the distance between camera and front wheel l¢,m 2. The

geometric residual is Tgeomn = (Tpjaner (CRi€3)y, (OPi)y —

Y
lcam,h (Opi)x - lf - lcam,Q) ) where lcam,l and lcam,Q can
be measured in the CAD model The corresponding objective
function is Egeom = Y_,cnr Facom.n Sgoom, nTgcom.n where
N is the set of all active recent frames and Egeom nis a

diagonal weight matrix.

D. Optimization

The above introduced dynamics factor and geometry con-
straints are integrated into the VIO system. As illustrated
in Fig. 2, the dynamics factor connects all recent frames in
the current window, and the geometry constraint factor is
added to each recent frame. To guarantee a smooth change
of the extrinsics over time, we minimize the term Foy, =
Y oneN r;(tr’nilgxltr’nrextr,n, where reyt, is the translation

and rotation difference between two adjacent extrinsic pose
estimates and Eextrn is the diagonal weight matrix. The
dynamics model parameters Payn ¢, stored in the first recent
frame at ¢ty are used to perform multistep prediction until
the end of the current window. We additionally include the
model parameters pqgyn ¢, at the second recent frame at ¢; in
the current window into the factor graph and minimize the
difference rp dynret DELWEEN Pdyn ¢, and Payn:,- When the
first recent frame of the old window is marginalized out, the
marginalization prior information can thus be propagated to
the parameters at the first recent frame in the new window
and prevent rapid change of the model parameters. Besides
this relative difference term, a weak absolute prior is added
for payn,z, by minimizing its difference rp,,, .. to the
most recent marginalized parameters to avoid drift when
the parameters become unobservable. Note that the relative
difference term is not sufficient to alleviate drift in this case.
This can be seen from the full probabilistic model without
marginalization in which the parameters could drift consis-
tently across all frames in the unobservable dimensions. The
corresponding objective function is summarized as Epuram =

T -1 T -1

Pdyn,rel < Pdyn,rel den vt T b e 2 payn abs FPayn avss WHETE

»-! and X are the diagonal weight matrices.
Pdyn,rel abs

In summary, the overall objective function of our dynamics
augmented VIO is Eg_vio Evio + Enarg + Eayn +
Egcom + Eoxtr + Eparam, where Eyi, and E,,,., are the
terms for the visual-inertial odometry and the marginalization
prior (see [3]). The VIO system for planar motion is ill-
posed and the accelerometer bias is unobservable if there
is no rotation [7]. Therefore, the dynamics factor should
only be used when the accelerometer bias is converged.
We approximate the variance of accelerometer bias b, by
inverting the related Hessian matrix part. The dynamics
factor is integrated when the variance of the accelerometer
bias b, ¢, at the first active recent frame is smaller than a
threshold.

E. Offline Initial Guess Estimation

The dynamics augmented VIO requires a reasonable ini-
tialization of the parameters and extrinsics to guarantee that
the numerical solver of the ODE can output a plausible solu-
tion. We determine the center of mass position of our mobile
robot and initialize the extrinsics °T; from the CAD model.
The initial guess of steering ratio vy is approximated by the
ratio between the max. value of steering control and the max.
front wheel steering angle. The remaining parameters like the
throttle mapping and tire coefficient are agnostic and thus an
initial guess is found through offline optimization. We first
manually select reasonable hyper-parameters {¢, 7, o} in the
longitudinal force function and only optimize for Ciy,,1/2,
Cres With pure forward motion data. Once the longitudinal
force related parameters are identified, we optimize for all
hyper-parameters, dynamics model parameters and extrinsics
together using data collected with various steering inputs
mixed with stop-and-go motion based on the dynamics factor
and geometry constraints introduced in the previous section.
During online optimization the hyper-parameters {i, 7,0}
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Fig. 3: Left: Our mobile robot is a modified 1/10 electric
RC car equipped with an Intel Realsense T265 stereo camera.
Right: We primarily use the bottom wheel in our experiments
and also evaluate with wheels without rubber tire (top).

are fixed. Since the extrinsics is time-varying, we still use the
CAD model estimate as initial guess of the neutral position
of the suspension for the online optimization phase.

IV. EXPERIMENTS

We evaluate our proposed method with real-world data
collected by our robot (Fig. 3). It is a 1/10 scale electric car
equipped with a Realsense T265 stereo-fisheye camera with
built-in IMU. We control the robot manually and record the
images at 30 Hz, IMU measurements at 200 Hz and control
inputs at 20 Hz. We evaluate tracking and prediction accuracy
in various scenarios and compare with the original VIO.
We use the same settings for pure VIO and our method
with 3 active recent and 7 keyframes in the window. Similar
like [7], [8], we use the results of global mapping as ground
truth, where we set every frame as keyframe and perform
dense bundle adjustment for accuracy and consistency. For
all experiments, the weight values are set to 103, 10%,
1, 30dt x 10% 20, and 30dt x 10® for the dynamics,
geometry constraint, extrinsics initial prior, extrinsics random
walk, dynamics parameters absolute prior, and dynamics
parameters random walk factor, respectively, where dt is the
time interval between two frames. Parameters v, 7 and o are
found as 0.202, 2.335 and 10 by offline optimization. The
variance threshold for the accelerometer bias is 4.5 x 1074,

A. Experiment Setup

To evaluate tracking and prediction accuracy and the
calibration capability, we collect data in both indoor and
outdoor scenes. Each scene contains two different groups of
terrain and each group has three data sequences. The indoor
scenes include a lobby with tile floor and a corridor with
concrete floor. In contrast to the indoor scene, the outdoor
scene is not perfectly flat with small bumpiness and contains
places with concrete surface and paved brick road. For each
scene, we control our robot with various steering inputs and
either full or varying throttle inputs. In all data recordings,
the robot starts from a static pose. The mass m and wheel
distance Iy + [, for our robot are measured directly. The
momentum of inertia [, and the distance between center
of mass and front wheel [y are approximated from CAD
software. We then perform the offline initialization strategy
described in section III-E to initialize the dynamics model

TABLE I: Average trajectory RPE on indoor and outdoor
sequences (ST-VIO: ours, VIO: pure VIO, -full: full throttle
maneuver, -varying: varying throttle maneuver).

transl. RMSE RPE [m]  rot. RMSE RPE [deg]

dataset VIO ST-VIO VIO ST-VIO

lobby-full 0.118 0.108 1.633 1.573
lobby-varying 0.076 0.069 1.038 1.006
corridor-full 0.183 0.174 0.993 0.941
corridor-varying  0.120 0.114 0.675 0.659
concrete-full 0.176 0.162 1.500 1.423
concrete-varying  0.168 0.164 1.192 1.195
brick-full 0.108 0.107 1.220 1.200
brick-varying 0.116 0.108 0.764 0.748

parameters pgyn using two short trajectories of 10s in the
corridor scene.

B. Tracking Accuracy Evaluation

We evaluate the tracking accuracy of our ST-VIO by com-
paring the relative pose error (RPE) [23] with the original
VIO, to show the relative improvement. Note that since no
previous method is available that optimizes a single-track dy-
namics model with VIO, we can only compare our approach
with the baseline VIO in our experiments. The comparison
between our base VIO and other popular VIO methods can be
found in [3], [24]. The RPE value is generated by computing
the errors over 10,20, ...,50% sequence lengths of the full
trajectory. We exclude the standing still segment at the end
of the trajectories to avoid biasing the tracking error to low
values in this trivial case. Table I provides average results
over all indoor and outdoor sequences. For the indoor data,
our approach ST-VIO overall improves trajectory accuracy.

The outdoor data are challenging for our method, as the
bumpy terrain could violate the single-track dynamics model.
In most outdoor sequences, our method can still improve the
accuracy. In the concrete data group with varying throttle,
the rotational accuracy drops slightly. Besides the less even
terrain, another reason could be that the vehicle speed in
the varying throttle case is relatively small comparing to
the full throttle case and integrating the dynamics model
cannot improve the accuracy further. We also perform an
ablation study for tracking accuracy evaluation where only
geometry constraints are applied, and the dynamics factor
is deactivated. VIO with only geometry constraints shows
similar accuracy of 0.133m and 1.126 deg like the original
VIO while our approach achieves 0.124m and 1.093 deg
RSME of transl. and rot. RPE in average for all data
sequences. The algorithm with dynamics factor diverges on
some sequences without geometry constraints.

C. Prediction Accuracy Evaluation

We also evaluate prediction accuracy for different time
horizons (0.33s, 0.66s, 1.66s, 3.33s and 10s) to validate
the online calibration of the parameters. The prediction is
computed with the current dynamics model parameters from
the start state estimated by ST-VIO at each frame. The

1635



TABLE II: Average prediction RPE on indoor and outdoor
sequences (init: offline-calibrated, calib: online-calibrated,
-full: full throttle, -varying: varying throttle maneuver).

transl. RMSE RPE [m] rot. RMSE RPE [deg]

dataset init calib init calib
lobby-full 1.120 0.453 22.383 7.558
lobby-varying 0.764 0.477 9.588 5.790
corridor-full 0.550 0.524 7.367 6.128
corridor-varying  0.647 0.552 6.092 4.883
concrete-full 1.962 0.508 25.884 6.283
concrete-varying ~ 1.007 0.518 12.191 4.202
brick-full 0.701 0.310 12.077 3.781
brick-varying 0.625 0.496 8.613 5.493
- 36
g - calib E
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Fig. 4: Top left: online calibration (calib) by ST-VIO for
the new wheels clearly improves prediction over offline
calibration (init) for the old wheels. Top right: evolution
of online calibrated parameters (calib). Bottom left: 10s
prediction results (red: calib, blue: init, yellow trajectory:
ground truth, red/purple circle: start/end, rotated by 30° for
visualization). Bottom right: control inputs.

prediction is a relative 2D pose in the vehicle body frame.
To compare with ground truth camera poses, we project
the relative camera pose to the vehicle body frame using
the optimized extrinsics. The standing still part at the end
of the trajectories are excluded again to avoid including
the perfect but trivial predictions (zero relative pose and
velocity) into the evaluation. RPE results are summarized in
Table II. The prediction accuracy is denoted as calib and init
using online calibrated and initial parameters, respectively.
We observed improved prediction accuracy using the online
calibrated parameters across all sequences. For the corridor
sequences, the improvement is relatively modest. This is
attributed to the fact that offline optimization is performed on
sequences captured within the corridor scene. We refer to the
supplementary video for a visualization of the predictions.
a) Change of Robot Properties: We additionally collect
a data sequence with different wheels (top one in Fig. 3) that

have lower traction in the corridor scene. We run our method
using the initial dynamics model parameters for the old set
of wheels as in the experiments above. The bottom image in
Fig. 4 illustrates the prediction error qualitatively. The top
left image in Fig. 4 demonstrate that the online calibrated
parameters show significantly less error than the parameters
calibrated offline for the old wheel for various time horizons.
The top right figure in Fig. 4 depicts the evolution of the
online calibrated parameters during the optimization. The
biggest adaptation is in the tire coefficient Cl;. and steering
ratio v parameters, while the throttle mapping parameters are
only adapted in a relatively small range. Please refer to the
supplementary video for a visualization of the results.

b) Stop-and-Go Motion: We also collect three se-
quences in each indoor environment for repeated stop-and-
go motion with varying steering to demonstrate that our
singularity-free formulation enables calibration and predic-
tion in this case. In the lobby scene, the average transl.
RMSE RPE improves from 0.405 m to 0.340 m, the average
rot. RMSE RPE improves from 11.294 deg to 7.874 deg.
For the corridor sequences, the average transl. RMSE RPE
changes from 0.332m to 0.387 m, the average rot. RMSE
RPE improves slightly from 8.812 deg to 8.645 deg. For the
corridor sequences, the online calibration does not further
enhance prediction accuracy since offline calibration was
already conducted on similar sequences. In the lobby scene,
our method demonstrates adaptability and improves predic-
tion even under stop-and-go movements.

D. Run-Time Evaluation

We evaluate the run-time time of our method compared
to the pure VIO on an Intel i9-10900X CPU@3.70GHz
with 20 threads. For pure VIO processing, one frame takes
6.15ms in average, while our dynamics augmented VIO
needs 16.60 ms. Our method needs about three times more
run-time than the original VIO yet is still real-time capable
since avg. run-time is below the frame interval (33.3 ms).

V. CONCLUSION

In this work, we propose ST-VIO for wheeled robots
which integrates a singularity-free single-track vehicle dy-
namics model and optimizes for the vehicle parameters on-
line together with the VIO states in a sliding window fashion.
The vehicle model is tightly integrated by introducing a
dynamics factor which minimizes the difference between the
pose and velocity prediction based on the model and the
state estimate. A multistep objective function is constructed
by predicting the pose and velocity from the first frame until
the end frame in the window. In experiments, we demonstrate
that our method is real-time capable and can improve the
tracking accuracy on flat ground, especially for the motions
with full throttle. We also demonstrate that online calibration
can improve motion prediction and adapt the parameters to
changes of the environment and wheel properties. In future
work, we aim to integrate vehicle models which can handle
more complex terrain properties.
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