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Abstract—Visual inertial odometry (VIO) is an enabling tech-
nology for mobile home robots which is possible nowadays due to
novel low-cost cameras and inertial measurement units (IMUs).
This work analyzes how the system-hardware calibration and
system-state initialization, followed by the dynamical propagation
of IMU readings, involving intrinsic bias, influence the VIO. Then
we analyze the synergies between these two sensors in the context
of pose estimation. The calibration of the system, namely the
rigid transformation between camera and IMU is performed
with a free, public domain, tool. The visual and inertial data
is processed by means of an Unscented Kalman Filter with Lie
group embedding for state representation. We propose a state
initialization for this filter that enables matching the integrated
IMU readings with the tracked visual features. Experiments and
results show the importance of successfully matching the feature
tracks in the first images with the starting integration of IMU
readings, as significant errors in initial bias estimations may
preclude sensors fusion and filter convergence. Results show also
that the operation of the fusion filter allows synergies between
the two sensors, while the IMU provides instantaneous and
reliable estimations of translation and rotation speeds, the visual
component provides IMU bias correction.

Index Terms—Visual Inertial Odometry (VIO), Filter Initial-
ization, Sensor Calibration.

I. INTRODUCTION

Visual Inertial Odometry (VIO) combines imaging (video)
with inertial (IMU) information to continuously estimate the
pose of a robot. The IMU specializes in tracking the movement
and orientation of objects. It is often used in navigation
applications like aerial vehicles. However, its newfound ac-
cessibility in current times has facilitated its integration into
low-cost systems.

Combining cameras and IMUs in the context of pose
estimation has multiple advantages, the main of which being
the possibility of creating synergies between these sensors. In
practice, this means the visual information can help calibrate
the IMU (bias), while the IMU provides motion scale to
the visual information. In this work we develop a low-cost
system that can perform visual inertial odometry, in order to
analyze the synergy between sensors. Sensors calibration and
filter initialization are key aspects for obtaining an effective
navigation system.
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Fig. 1. Wheeled mobile robot with camera and IMU mounted on fixed
positions.

In the literature, handling precisely with IMU bias is crit-
ical point, when building navigation systems using low-cost
IMUs [1]. In general, works as [2] show it is important estimat-
ing and removing bias from the IMU readings, independently
of their price tag.

Simultaneous Location and Mapping (SLAM) involves pose
(position and orientation) estimation, and therefore provides an
output intersecting with VIO. [3] compares the performance of
visual SLAM (vSLAM) with visual inertial SLAM (viSLAM),
and concludes that typically viSLAM has better performance.
The intrinsic difficulty of vSLAM to capture motion scale, its
lesser robustness and accuracy, are the main reasons affecting
performance. Works as [4] have set out to implement already
proven algorithms on low-cost ground robots. They show it
may be necessary to compromise filter performance due to
the lack of computational power of low-cost robots.

In an opposite direction, of accepting computational com-
plexity, [5] proposes a state of the art versatile monocu-
lar visual inertial state estimator by means of a nonlinear
optimization-based method. The approach [5] is based on
the alignment of a visual structure obtained by means of a
structure from motion strategy with the results of an IMU
preintegration. Work [5], and the previously referred ones,
show that it is worthwhile to pursue the idea of creating a low-
cost visual inertial system dedicated to odometry. They also
indicate that the process of IMU bias removal has a significant
impact on the overall odometry performance.978-1-6654-8217-2/22/$31.00 ©2022 IEEE
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In this work, we study inertial sensors combined with
cameras, focusing on IMU bias estimation and removal, and
vision / IMU synergies. We consider a setup based on low-cost
sensors, IMU and camera, mounted on a small mobile robot
(see Figure 1). The visual and inertial data allow obtaining
VIO, more precisely pose estimation along time, using an
Unscented Kalman Filter (UKF) based on Lie groups [6]. To
perform sensor data fusion all data must be represented in a
single frame, which can be achieved through calibration, as
detailed in this work. One specific challenge tackled in this
work is filter initialization, namely in the aspect of significant
inaccuracy on IMU bias estimates precluding the matching of
visual features, and therefore deterioration cycle which leads
to VIO filter divergence.

II. BACKGROUND AND STATE OF THE ART

In this work we consider a robot with two sensors: an
RGB camera and a 9 DoF IMU. Each sensor captures data
in a referential (frame) it defines internally. We consider the
pinhole model for the camera associated with the projection
P = K[R t], where R and t are the extrinsic parameters of the
camera (i.e., the rigid transformation that map its referential
to the world frame), and K is the intrinsic parameter’s matrix
and P is the projection matrix that maps world points to an
image plane using homogeneous coordinates (scale factor λ)
λx = PX.

One critical aspect of monocular visual only odometry is
that a single camera cannot capture metric information, only
captures 3D information up-to a scale factor [7]. In other
words, one has ambiguity in the motion scale, the estimated
trajectory is unitless. This problem can be solved by assuming
priors, as known camera-to-floor height, or using additional
sensors, as IMUs. IMUs, unlike RGB cameras, are able to
capture motion scale [5].

As for the IMU, we use a 9 DoF IMU (accelerometer,
magnetometer and gyroscope), encompassing bias and additive
(white) measurement noise. We represent the IMU measure-
ments as angular rate ω = [ωx ωy ωz]

T ∈ R3, linear
acceleration a = [ax ay az]

T ∈ R3, and magnetic field
m = [mx my mz]

T ∈ R3. In Equation 2 we have (embedded)
the complete measurement model of the accelerometer and
gyroscope measurements.

Visual inertial odometry can be implemented with vari-
ous alternative frameworks, e.g. using Kalman filters. The
original Kalman Filter, as presented in [8], is a statistically
optimal method of data fusion. This means the weighted fusion
between the prediction and the correction of the next state
is statistically optimal. This filter can only be applied to
linear systems. Non-optimal extensions were developed like
the Extended Kalman Filter (EKF) and the Unscented Kalman
Filter (UKF, see [9]).

ORB-SLAM3 [10] is a state of the art SLAM implemen-
tation. It includes incremental odometry estimation within
mapping and localization of the robot in the map. ORB-
SLAM3 can perform Visual, Visual Inertial and Multi Map
SLAM. The supported camera setups are monocular, stereo

and RGBD, and is also possible to choose between pinhole and
fisheye lens models. Experimentally, ORB-SLAM3 is shown
to be as robust as the best available systems and significantly
more accurate.

Fusion18 [6] performs VIO with a monocular camera and
an IMU. It compares favorably, in terms of precision and
accuracy, to ORB-SLAM2 (ORB-SLAM3 was published some
years later, improving mostly on mapping). [6] integrates Lie
groups with a Square-Root Unscented Kalman Filter (SR-
UKF) to compute the state evolution. This approach is the
culmination of several works (i) the Lie group structure
of SLAM advocated in the field of invariant filtering, see
e.g. [11]–[13] and (ii) the UKF on Lie Groups (UKF-LG),
whose general methodology has been introduced in [14].

While Fusion18 is state of the art on the computation of
the state evolution, aspects as sensors calibration and filter
initialization still require work when considering novel low-
cost IMUs.

III. MOBILE ROBOT SETUP AND VIO FILTER

In order to acquire visual inertial data, we developed a
mobile robot based on a Multi-Chassis 4WD Kit controlled
by a Raspberry Pi and equipped with a Pi board camera and a
9 DoF IMU (IMU Breakout ICM-20948 Qwiic SEN-15335).
Figure 1 shows the robot including the coordinate systems of
each sensor.

The camera and the IMU do not have their coordinate
systems aligned (Figure 1). We consider three frames: the
world frame W , the body (IMU) frame B and the camera
frame C. After using Matlab’s Camera Calibrator application
and the Kalibr Allan Matlab toolbox1 to perform camera and
IMU calibration, respectively, we performed the IMU-Camera
calibration (C ↔ B) with the Kalibr OpenCV framework2.
It estimates the extrinsic parameters (RC→B , tC→B) and
(RB→C , tB→C).

In the following we do a detailed introduction to the base
VIO filter, Fusion18 by M. Brossard et al. [6], used in our
setup.

The state structure includes the robot pose, which is formed
by its position x ∈ R3 and orientation R ∈ SO(3), plus the
velocity v ∈ R3, the IMU biases bω ∈ R3 and ba ∈ R3, and
the 3D position of p landmarks p1, . . . ,pp ∈ R3 in W . The
state is the pair (χ, b), where χ is as square matrix

χ =

[
R v x p1 · · ·pp

0(p+2)×3 I(p+2)×(p+2)

]
(1)

with size (3 + 2 + p) × (3 + 2 + p) and with 0m and Im
as, respectively, zero matrix and identity matrix with sizes m.
The bias vector is defined as b = [bTω bTa ]T ∈ R6.

Even though our hardware setup is different, our models
are based on the ones present in [6]. We have a grounded
body navigating on the ground equipped with an IMU. Despite
having a car like robot, the model representing a full 3D

1https://github.com/rpng/kalibr allan
2https://github.com/ethz-asl/kalibr
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pose is advantageous because, for our case, as it allows us
to anticipate scenarios like floors with inclinations. We can
model the system as

body state





Ṙ = R(ω − bω + nω)×
v̇ = R(a− ba + na)− g
ẋ = v

, (2)

IMU biases

{
˙bω = nbω
ḃa = nba

, (3)

landmarks
{
ṗi = 0, i = 1, . . . , p , (4)

where (ω)× portrays the skew-symmetric matrix related with
the cross product with vector ω ∈ R3. We can group the
multiple noises as n = [nTω nTa nTbω nTba ]T ∼ N (0, Q).

Using the Euler method we can discretize Equations (2) to
(4), not including rotation. For a small time step ∆t, we get

Rt+∆t = Rtexp
[
(ωt − bω,t)∆t+ Cov(nω)1/2g

√
∆t
]
×

vt+∆t = vt + (Rt(at − ba,t)− g)∆t, xt+∆t = xt + vt∆t

bω,t+∆t = bω,t, ba,t+∆t = ba,t, pi,t+∆t = pi,t

.

(5)

Along with the IMU, we have the calibrated monocular
camera that provides visual information and observes and
tracks p landmarks in the visual scene. The camera observes
landmark pi through pinhole model as yi = [yiu y

i
v]
T + niy,

where yi is the result of projection:

λ[yiu y
i
v 1]T = K[RT

B→C (RT (pi − x)− tB→C)], (6)

with λ as the scale factor. This is a transformation from frame
W to current image plane using the state’s pose, R and x
(W → B), the IMU-camera extrinsic parameters, RB→C and
tB→C (B → C), and the camera intrinsic parameters, K
(C → image plane).

The filter compares the projection to the expected position
of the landmark in the image. This process invalidates the 3D
landmarks that are too distant to the respective expected 2D
feature.

IV. VIO FILTER STATE INITIALIZATION

As referred, we use Fusion18 [6] as the base VIO filter.
We propose methods for (i) filter initialization and (ii) features
management. See Figure 2 and details in the following.

A. Feature Management, Limiting the Deterioration Cycle

Before detailing our methodologies for feature management,
it is important to detail the cycle of sensing deterioration that
occurs due to calibration or initialization inaccuracies.

At the start of each filter iteration, the state is propagated
using the IMU data. Each propagation implies an integration
of IMU data which causes the state to drift from reality due
to IMU bias. When the first image is captured, the state’s
pose will be used to project to that image the 3D landmarks
initially available. A drifted pose results in a noisy / biased
projection, which causes landmarks invalidation (removal from

Initialization

Initial stateEstimate initial
landmarks

Estimate initial
gyroscope bias

Initial pose and
linear velocity 

First Image 

Image 
+ IMU 

IMU Calibration
method

Fig. 2. Proposed initialization methodology.

state) if they land off an established window. If all landmarks
get invalidated, the filter will disregard the visual information
completely and therefore does not estimate IMU biases.

If IMU biases are not estimated and removed from the mea-
surements, they keep being integrated, creating a deterioration
cycle that will result in filter divergence. We term the segment
where the deterioration cycle may occur as the initialization
period.

Our use of features management seeks to improve the
robustness of the initial pose estimation in order to avoid the
deterioration cycle. The most critical aspect to control is the
initial number of state propagations before the first landmark
observation. One wants to upper-bound, limit, the number of
state propagations without visual updates. In other words, one
wants the predicted projections of the 3D landmarks do not
step larger than the visual feature’s registration window.

In summary, as compared to Fusion18 [6], which relies
on an auxiliary SLAM filter for 3D landmarks initialization
and resetting while showing it is possible to obtain more
accurate and precise pose estimations (Section II), we propose
an embedded process based on features tracking and 3D recon-
struction scaled from IMU motion data. The embedded process
allows us to select more frequently landmarks replacement,
which is helpful for scenarios lacking texture at some areas.

In addition, we propose initializing the VIO with a batch
optimization process to scale the visual reconstruction and to
tune bias estimation, to be detailed in the next section.

B. Initialization

The initialization is responsible for establishing the initial
state (χ, b) of the system (Equation 1). We use zero initial
values for the robot pose and linear velocity (other values can
be used, e.g. from a past or parallel VIO process, or from
ground truth to help assessment). That leaves the initial 3D
landmarks and the IMU biases to be initialized.

a) Landmark Initialization: During the filter initializa-
tion, new 3D landmarks are found by triangulation of features
detected on multiple frames. In addition we need to capture a
bank of features whose reconstruction can be used to replace
the initial landmarks. This bank of features can be obtained
with an algorithm as the Harris corner detector.

To estimate the 3D positions of detected features that
initialize the state, we convert pixel coordinates, (u, v), to
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metric coordinates, [X, Y ]T = [(u−cx)/fsx, (v−cy)/fsy]T .
Depth is arbitrarily set as Z = 1 for all landmarks, until
the second frame, and the following ones, together with IMU
readings, provide information to update those values. Given
the 3D landmarks on the camera frame, we want to transform
them to a frame that allows integrating IMU readings. This
can be done using the the camera-IMU extrinsic parameters,
RC→B and tC→B (C → B), and the initial state pose, R and
x (B →W ).

b) Gyroscope Bias Estimation: As mentioned, the re-
moval of bias from IMU measurements is one of the most
critical aspects of developing a VIO system. Let us now detail
the estimation of the gyroscope bias, which was inspired in
the work [5]. To perform this estimation we have an initial
time period where the visual and inertial data is acquired
(VIO is not running at this time). Let us consider I and J as
the total number of images and IMU samples in the dataset,
respectively. The first step is to estimate the orientation of all
image frames, qi (quaternions with i = 1, . . . , I), using only
the visual information. To achieve these orientation estimates
we use the MonoSLAM algorithm of [15].

Secondly (or in parallel), we preintegrate the inertial data in
the initial camera frame C (which may be a trivial zero rotation
and zero position) in order to estimate the rotation matrices
between each image frame, γ̂i, i = 1, 2, . . . , I . We consider
the starting bias to be null [0 0 0]T , or a 3×1 vector of values
previously obtained by a calibration method. For j as a discrete
moment corresponding to a IMU sample within [ti, ti+1], we
can discretely integrate the gyroscope measurements as

γj+1 = γj ⊗
[

1
1
2 (ωj − bωj

)δt

]
, (7)

with δt as the time interval between IMU samples j and j+1.
In order to get the rotation between image frames i − 1 and
i, we need to accumulate the rotations within that interval
by doing the quaternion multiplication between consecutive
rotations following the correct order.

We now have all the camera orientations estimated from the
visual data, and have all rotation constrains between camera
poses estimated from the inertial data. Due to bias and noise,
a frame with orientation qi rotated by γ̂i+1 is not equal to
the frame with orientation qi+1. To combine all the data we
minimize a cost function:

min
δbω

∑

i∈I

∥∥q−1
i+1 ⊗ qi ⊗ γi+1

∥∥2
(8)

where γi+1 is the orientation constrain with first-order cor-
rection with respect to the gyroscope bias, γi+1 ≈ γ̂i+1 ⊗
[1 1

2J
γ
bω
δbω]T , and Jγbω is a part of the first-order Jacobian,

Ji+1, of the covariance matrix, Pi+1, obtained in the IMU
preintegration (see [5]).

By initializing both starting orientations (MonoSLAM and
preintegration) as an identity quaternion (null rotation) we
are guaranteeing both methods to estimate orientation in the
same reference since we have both body B and camera C
frames fixed in relation to each other. Because we are only

interested in rotations, and the whole systems rotates as one,
all estimations stay coherent. With that done, we have now
estimated the initial bias. It is possible to repropagate the
rotations between frames as (8) with the estimated bias and
repeat the process.

V. EXPERIMENTS AND RESULTS

In this section we present experimental results on the con-
tinuous estimation of the robot pose using the methodologies
proposed in Section IV.

A. Estimated Pose Error Metrics

In order to assess experimental results, we use two metrics:
the root-mean-square error (RMSE) metric that evaluates the
residuals in a point to point basis, and a Procrustes based
metric that aligns the estimates to the ground truth using the
Procrustes problem to find the rigid transformation (with scale)
that most closely performs this alignment. The first metric
will be used to evaluate all orientation estimates, while the
second will be used for trajectories estimated with our acquired
datasets.

B. IMU and Video Datasets

Two datasets were acquired with our mobile robot, with
an approximately constant visual sampling rate, while the
inertial sampling rate is kept varying in order to maximize
the throughput of the sensor and the microcontroller 3. These
datasets start and end with a few seconds of no motion to help
calibration and ground truth acquisition.
Movement Curve (mc 01) Ground plane curves implying
rotations over the IMU’s z axis. At the end of the path,
robot already stopped, the visual information shows significant
luminosity changes. Acquisition rates of 10 Hz (average) and
5 Hz for the inertial and visual data, respectively.
Movement Forward Pause Forward (mfpf 02) Two
straight line forward movements, Figure 4(a), separated by a
resting period. Acquisition rates of 10 Hz (average) and 5 Hz
for the inertial and visual data, respectively.

The datasets are complemented with ground truth. We
video-record the car with a fixed camera and mark key
positions on an homography making an orthographic view
of the ground plane. From the key positions we interpolate
the complete trajectory. The orientation is acquired directly
from the IMU as it provides precise information through the
embedded Digital Motion Processor (DMP).

C. Initial Frames Fusion with IMU Readings

First we detail an experiment to validate the methodologies
presented in Section IV and then we detail navigation experi-
ments on datasets acquired by the developed mobile robot.

The first experiment shows prevention of deterioration cy-
cle, allowing the filter to track the real pose. We use the
filter with our proposed methodologies and compare the 3D

3Data access source code https://github.com/josegaspar999/data access/
tree/master/datasets/AndreNogueira . To download and display data run
data_download(’mfpf_02’); sentmove2_data_tst(40);
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Fig. 3. Feature tracking on first 5 frames with and without IMU sample
limitation. Features: red are real (tracked) features; cyan and blue are estimated
features with and without IMU sample limitation, respectively;

landmark projections for the first 5 frames with and without
the IMU propagations limitation. The results are shown in
Figure 3. For clarity, we refer to the colors of the markers
indicating the features. The red features are the real (tracked)
features, cyan features are the estimated features with IMU
sample limitation (one propagation), and dark blue features
are the estimated features without IMU sample limitation (10
propagations).

The reason why the blue features only appear in the first
frame is because they are invalidated due to their reprojection
error (they are too far from the red features). The filter renders
these features as invalid so they would not deteriorate the state
estimation. An additional experiment consisting in hijacking
the filter and demanding it to further estimate the state with
these invalid landmarks resulted in reprojections outside the
bounds of the image.

Without an adequate initialization and feature management
methodologies, as described in Section IV-A, all initial land-
marks would get invalidated. Then, the estimated IMU biases
would grow and result into VIO filter divergence. As we
limited state propagation until sufficient visual information
was acquired, we ensured the filter to converge, as shown by
successful features tracking (cyan) in Figure 3(f).

D. Navigation Assessment

Navigation assessment is conducted on dataset mc 01. We
perform different experiments by configuring the process noise
covariance, which is related to the IMU measurements, and
by default resulted from the IMU calibration (IMU intrinsic
parameters). Figure 4 ((b), (c) and (d)) shows the Procrustes
error metric on the robot position.

Estimated trajectories are similar for both configurations of
the process noise. Figure 4(c) shows the filter is not being
able to obtain a synergy of the sensor readings as the RMSE
is constantly raising. Increasing the process noise covariance
allows the filter to attenuate the negative effects of an initially
too large IMU bias. Figure 4(d) shows a synergy between the
sensors is present, namely the visual data regulates the IMU
bias and the IMU provides a motion scaling for the monocular
vision. The RMSE is kept low for most of the time.

About time t = 25 s the RMSE has an almost vertical
increase, which is the time where one observes unstable
illumination leading to detection and tracking of multiple
unreliable features within shadows. The vision part of the
filter perceives a wrong movement. Since we increased the
process noise covariance the filter trusts more on visual than
IMU measurements. The process noise configuration explains
why the illumination problem does not appear to exist in
Figure 4(c). Transient problems with visual measurements
indicate the need to re-initialize (reset) the filter.

E. Filter Reset using the Past State

The steps for this experiment are (1) run the filter on half
of a dataset; (2) save the final state along with all detected
features and landmarks; and (3) run the filter on second half of
the dataset but using the previous run final state as initialization
data. The variables we are considering in this initialization are
(i) both sensor biases, (ii) the 3D landmark estimations or (iii)
the reserved features along with their sighting in past images.
We initialize the pose and linear velocity to zero values.

More in detail, we run the filter on dataset mfpf 02, en-
compassing two similar trajectories, that are separated by a
resting phase, on which we make the filter reset. We perform
this experiment using the initialization detailed in Section IV-B
to initialize the state after the reset. This allows us to compare
our generic and (mostly) online initialization to this calibration
like approach.

Figure 4(e) shows the RMSE just on orientation since it is
clearer than assessing the full poses. Running an initialization,
after resetting, not using the knowledge of the previous state,
shows a linearly increasing error which is the result of a failed
initialization process (red line in Figure 4(e)). The run after re-
setting, doing an initialization taking advantage of the previous
state, shows a short, or almost non existing initialization period
due to accurate initialization data (magenta line in Figure 4(e)).

VI. CONCLUSIONS

In this work we considered a low-cost mobile robot, that
acquires visual and inertial data, and studied the sensor fusion
/ synergies in the context of pose estimation. We proposed a
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Fig. 4. Mobile robot on a forward trajectory (a). Orientation RMSE when running dataset mc 01 with default process noise (c) and higher noise (d), plus
representative trajectory (b). Orientation RMSE when running the two halves of dataset mfpf 02 with a reset in the middle (e). After the reset: red with default
initialization and magenta with calibration initialization.

state initialization for a Unscented Kalman Filter based on Lie
groups that experimentally showed promising results.

A critical aspect observed is the necessarily fast IMU bias
estimation, as otherwise the IMU measurements cause the state
to diverge. Significantly incorrect IMU bias estimations imply
invalidating visual landmark observations. This would start a
cycle of deterioration between both sensors.

Given approximately correct initializations, one obtains the
desired cycle of cooperation between sensors. The bias estima-
tion coming from the visual information makes the landmark
projection more accurate, which in term would improves the
bias estimation.

As future work, we consider allowing each sensor to operate
independently, for some time, in order to handle cases of
insufficient illumination or IMU bias momentarily incorrect. In
the particular, we consider the recent Madgwick filter [16] as
an effective way for operating the IMU in case of momentarily
missing the visual data.
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