This paper has been accepted for publication at the
Robotics: Science and Systems Conference (RSS), Freiburg, 2019, and the
IEEE Robotics and Automation Letter (RA-L) 2019 ©IEEE

VIMO: Simultaneous Visual Inertial Model-based
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Abstract—In recent years, many approaches to Visual Inertial
Odometry (VIO) have become available. However, they neither
exploit the robot’s dynamics and known actuation inputs, nor
differentiate between desired motion due to actuation and un-
wanted perturbation due to external force. For many robotic
applications, it is often essential to sense the external force acting
on the system due to, for example, interactions, contacts, and
disturbances. Adding a motion constraint to an estimator leads to
a discrepancy between the model-predicted motion and the actual
motion. Our approach exploits this discrepancy and resolves it
by simultaneously estimating the motion and the external force.
We propose a relative motion constraint combining the robot’s
dynamics and the external force in a preintegrated residual,
resulting in a tightly-coupled, sliding-window estimator exploiting
all correlations among all variables. We implement our Visual
Inertial Model-based Odometry (VIMO) system into a state-of-
the-art VIO approach and evaluate it against the original pipeline
without motion constraints on both simulated and real-world
data. The results show that our approach increases the accuracy
of the estimator up to 29% compared to the original VIO, and
provides external force estimates at no extra computational cost.
To the best of our knowledge, this is the first approach exploiting
model dynamics by jointly estimating motion and external force.
Our implementation will be made available open-source.

Resources: http://rpg.ifi.uzh.ch/vimo/index.html
Keywords: Visual-Inertial, Model, Force, Estimation

I. INTRODUCTION
A. Motivation

Recent advances in robot perception have led to a number of
Visual Inertial Odometry (VIO) systems becoming more robust
and accessible solutions for state estimation and navigation,
such as [1, 2, 3, 4} 15} 16, [7]. Although these systems work
well in most conditions, they all neglect the robot’s dynamics
and cannot sense forces, such as contacts and interactions, and
disturbances, such as wind and other environmental influences.
Additionally, these approaches do not consider the fundamen-
tal distinction between the desired motion due to actuation
and unwanted perturbation due to external forces. Adding the
system dynamics to a VIO system (i) allows the perception of
external force acting on a robot, and (ii) adds information to
the estimation problem, resulting in increased accuracy.

Applications such as inspection, grasping, manipulation, and
delivery require a robot to sense interaction or forces, which
are often recovered using an estimator loosely-coupled with
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Fig. 1: Factor-graph of our VIMO approach with inertial, dynamic and force
factors. The red arrows indicate the discrepancy between the dynamic and
VIO factors, which is resolved by including an external force.

an odometry system, as proposed in [8, 9, 10, [11, [12} [13].
Such estimators introduce latency, computational overhead,
and neglect correlation among the estimated variables and
their noise characteristics. This shows the necessity for joint
estimation of motion and external force in a unified approach
addressing both, model and sensor noise characteristics.

On the other hand, VIO approaches on Unmanned Aerial
Vehicle (UAV), rely on minimal sensor configurations, typi-
cally consisting of visual and inertial sensors suffering from
additive noise. Thanks to Gaussian filtering theory [14]], it is
known that additional knowledge and information improves
the estimation performance, especially in the presence of
Gaussian noise. By adding the system dynamics to a VIO es-
timation problem, we effectively add information. Intuitively,
this additional knowledge allows us to increase the accuracy
of the odometry. However, the pure addition of a motion
constraint from the system dynamics does not account for
any external influences, and may lead to a motion prediction
deviating from the actual motion, as depicted in Fig. [T} Since
this would degrade the estimator performance due to a wrong
prior, it highlights the importance of including external force
and jointly estimating all variables.

To the best of our knowledge, we present the first tightly-
coupled approach exploiting the model dynamics while jointly
estimating motion and external force. We derive the resulting
motion constraint and formulate a dynamic residual. This
residual is added to a pose-graph formulation of the VIO ap-
proach in [2] and is solved using numerical optimization. The
resulting estimator demonstrates up to 29% increased accuracy
and inherent ability to sense external force, opening the door
to a number of possible future research topics and applications.
As a call to the community, we want to raise awareness for
the importance of contact-enabled robotics and the need for
estimators to provide not only odometry information, but also
leverage the robot dynamics to increase accuracy and sense
external forces from contacts and interaction.
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B. Related Work problems was studied in [15]. In the presence of wind or
Previous approaches on external force estimation can ®dernal forces, the estimator from [18] can tend to wrongly
split into two groups: deterministic and probabilistic. adjust the IMU biases due to the mismatch between sensor

1) Deterministic ApproachesDeterministic approaches es-measurements and vehicle dynamics and therefore only works
timate external force by subtracting the collective thrust vet? a disturbance-free environment, as con rmed by the authors.
tor from the inertial measurements] [8[.] [9,110] proposed [20] proposed to use Dynamic Differential Programming to
nonlinear force and torque observer based on the quadrot@imate the state, parameters, and disturbances (forces) in
dynamical model, assuming that an estimate of the robdtsynthetic planar motion example, assuming perfect data
state is available from another estimator. These determiniggsociation, velocity and landmark position measurement with-
approaches do not consider (i) the thrust input noise, (Rpt real world applications. Their approach is signi cantly
the noise in the state, and (iii) noise and unknown tim&implied by modelling landmark position measurements, in-
varying bias in the Inertial Measurement Unit (IMU). Hencestead of realistic camera projection measurements. Differently
deterministic methods only work appropriately in practickom [20], our method extends an optimization-based VIO
when their inputs and outputs are carefully processed or wHéamework with motion factors to simultaneously estimate
the signal to noise ratio of the used sensor data is very highate and external force in real time on real world data. To

2) Probabilistic Approaches:Realizing the drawbacks of the best of our knowledge, there is no precedent of a tightly-
deterministic force observers, ]11] proposed an Unscentedupled or smoothing-based method that jointly estimates
Kalman Filter (UKF) to account for the process and sensoigbot states and 3-dimensional external forces.
noise and, consequently, improve the force estimate. Other
similar Iltering-based external force estimators include &. Contribution

Kalmfan lter [12] and UKF QE;]' These methods can .be This work extends an optimization-based VIO in [3, 2, 16]
classi ed as Iooselyjcoupled, since they use the stat_e est!m%ﬂq a residual term integrating the dynamic model of the
from a separate estimatér [15.]13], and then fuse this eSt'ma[?adrotor. Our main contribution is the derivation of this

with their prediction from the UAV's dynamic model in Aresidual term from a motion constraint enforced by the model

sepa_r;te estlmlatl_on step. Loosﬁy-cquplec{ij estlr_ng}ors d%_agﬁamics including external force, enabling a VIO framework
consider correlations among all estimated varables, w 'E% jointly estimate this force in addition to the robot state

may lead to inaccuracies [3]. Moreover, the external force d IMU bias. Our approach works as a tightly-coupled

estimated in an additional fusion step, which may introducgimator, using visual-inertial measurements, and the collec-

latency and extra computation cost. tive thrust input. Since current smoothing-based VIO systems

3) Extension to Sliding Window SmootheX: widely used i :
state estimator for UAVs is Visual Inertial Odometr (VIO)O]cfer higher accuracy compared to ltering-based methods, we
y employ nonlinear optimization as estimation strategy.

based on sliding-window smoothing [2] with IMU preintegra- Inspired from IMU preintegration [16], the high-rate thrust

tion [16] to make the optimization problem computationaIIY uts are preintegrated, resulting in dynamic factors used as
tractable in real time. IMU preintegration was rst proposecp Pt P 9 . 9 y
residuals between consecutive camera frames. A factor graph

in [17] and later modi ed in [16] to address the manifold . : . .
. . representation of the VIO problem with dynamic factors is
structure of the rotation group. High-rate IMU measuremenas

are typically integrated between image frames to form a sin gpicted in Fig 1. The dynamic factors represent relative

: . . . X g%T'izzotion constraints similar to the IMU factors but with a
relative motion constraint. IMU preintegration theory reparam;.

eterizes this constraint to remove the dependence of integral éfaere_:nt T“Ode' and source of measurem_ent. In our work, we
. . . ed< loit this redundant motion representation to estimate exter-
IMU measurements on previous state estimates. This avoi

. . . nal force. The dynamic residual is implemented into VINS-
repeated integration when the state estimates change durlnoq10 [2], an open-source sliding-window monocular VIO
each iteration of the optimization. [18] combined the idea ' P 9

) i . . cframework. VINS-Mono was chosen because of its availability,

incorporating dynamic factors for localization of UAVsS fromreal-time capability, and requirement for only one camera and

[19] with the preintegration scheme from [16] to develop ' X
. : . ) o an IMU. We show on real and simulated data that the proposed

a model-based visual-inertial state estimator similar to the . .

one proposed in our work, but without considering externgbumator compared to VINS-mono, not only increases the

’ i 0
forces. [18] showed that in a smoothing-based VIO pipe”n?ccuracy of the estimates (up 289 but also offers external

the dynamic residual in combination with the IMU residualdrce estimates without increasing the computation time. Our

acts as an additional source of acceleration information, whi%ﬁpgozghxgz?w?ne slmﬂgmeazgrsﬁ:ggﬁﬁﬁeOr}oﬂt:derrorﬁggs'
adds robustness to state estimation, especially in slow spéé'& gs, P 9 '

ights, when accelerometer measurements have low signal-
noise ratio. While [18] chose to model air drag but ignore
external forces in the dynamic model of the quadrotor, our The model-based VIO problem is described in Sec. I,
work includes external forces and estimates them togetlielowed by the preintegration of the dynamic residual in Sec.
with the robot state. An implication of not modelling externalll. We report our experiments in Sec. IV and the limitations
disturbances, such as wind, in model-aided state-estimationSec. V. Finally the paper is concluded in Sec. VI.

. Structure of this paper



A. Notation

All coordinate frames used are depicted in Fig. 2. The Body #C
guadrotor pose is the body- xed frame described in world " ﬁ
frame. The IMU frame corresponds to the bOdy frame, at_Fig 2W(glrjgdrotor scheme with world, body and ca)r/nera frame indicated
tached to the center of mass of the vehicle. The world frame = ™ ' '
is denoted by[ ]¥, the body frame by[ |° and the camera
frame by[ 1°, while a hat['\] represents noisy measurements.
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Il. PROBLEM FORMULATION lgw /‘P zy
N T
N

P
— .

I1l. PREINTEGRATION OFQUADROTOR DYNAMICS

The robot state at the timtg is de ned as A. Model Dynamics
Xk = [Pp,: Vi, 1 Ub, s Pa s 01 T; k2[0;n] (1)  In the dynamical model we consider the evolution of po-

comprised of positiop}! , velocity v} and Hamilton quater- sition and velocity of the quadrotor subject to three forces:

. b b .
nion gy encoding the rotation of the body frame with respe&?\,”fcuv_e .roto.r 1tr;rustT2t ’ Tixternal Iforces1‘| etd , and : gra\?t);]
to the world frame, and accelerometer and gyroscope biages:JI [0:0; 9:81] rkr;s ho 1 ”e translational dynamics of the
ba,;bi, in the IMU body framen is the number of the most 9U2drotor is given by the following equations:
recent keyframes in the optimization window, where tife Y W o= w b. b w

_ ) - =R ToO+ P + 5
frame is the latest frame that does not need to be a keyframe. B = Vi - (@) To+fe g ©)
The sliding window optimization variables are given by where R(qg}!) is the rotation matrix corresponding to the

—Tlc | cy.cfb.y..  .gb . rotation from body to world frame. Since we do not know the
X [|11 1|m1X01fe01X11 fe 11Xn] (2) - . H

" dynamics of external force, we assume it to be a Gaussian
wherem is the total number of features in the sliding windowzariable fo, = N (0; ?). This allows the framework to

and I; is the inverse depth of thé" feature as in [2]. distinguish between slowly walking accelerometer biases and
The total mass normalised external fomég is expressed in incidental external forces.

body frame and experienced by the quadrotor from the timepreintegration of the system dynamics requires separation
of k to k +1 image i.e. during[tk;tk+1). If the duration of the residual terms dependent on optimization variables
between consecutive image frames is snigllwill be a good from the terms dependent on the measurement. The rotational
approximation of the instantaneous force experienced.at dynamics of the quadrotor is not considered here, since the
control torques can not be separated from their dependency on

B. Dynamic Residual L . ; . S ;
) . the optimization variables rendering preintegration ineffective.
To include the model dynamics and external force in
ak non'l|r;e'ar optlrpklzatlon., we form.ulate a dynamic re&du@n Preintegration of Dynamic Factors
ed(X, i fe i X, 12y, ), With the preintegrated measurements _ _ _ _ _
2p . The full nonlinear optimization problem which solves In this section we derive the preintegration of the dy-
for the maximum aposteriori estimate Xf is formulated as Namic factors. The integration of (5) requires the evolution
. of rotation, which is provided by the IMU's rotation model
X 2 w — 1w -1 bl . . .. K
. K/o b . b b = =gy [0;! f]' where is the quaternion multiplication
min eq(Xk: o i Xk ;20K +J X 20k 3) 21y t . .
Xt a ki e i Xicen 1 24y, ) w K vio (XiZy,) () and! ° is the angular velocity of the body expressed in the
. . . . body frame. The involved noisy measurements are the biased
whereJy o contains the sum of prior residua), the visual angular veIocityV‘tb - tb+ b, + | from the IMU and the
residuale, of all visible landmark reprojections, and the iNer- lective rotor thruslﬂ’ = T5+ 1. Asin [2], the gyroscope

tial re3|dualeslcompr|smg of the.pre_ln_tegr.ated measurementﬁbise is considered as Gaussian N (0; 2) and its bias
As proposed in [2] we summarize it into: ;

as random walky,, = o with , N (0; 2). Since
XX w2 Xt 2 L 2 neither the magnitude nor the direction of the actual thrust is
Jvio = ev * & v & (4 known precisely, we assume Gaussian noise in the thrust as
k=0 2] \ W k=0 W p Y,

+ N (0; 2).The vehicle state can be propagated between
J is the set of visible landmarks inljranhe while e‘; is ro- two frames over time interval ty = ty+1  tyx by integrating

busti ed by the Huber-norm (x) = 1+(x=)2 1 2. thethrust and gyroscope measurements:

The reader can refer to [2] for the derivation &f o . v " 1., .
In the next section, we formulate the dynamic residual Pbca = ;bkz+ Vo, ket 590 T
e§ as a function of the robot states and external forces i RW $b 4 b g2
at times|[ty;tx+1] and preintegrated thrust inputs and IMU ty b 5 ¢ T
measurementSEL1 . Additionally, we derive the weightV X R W w pb b 4 (6)
for the Mahalanobis norm a by propagating the covariance P 5 i ° ¢
from the measurement noise. While the formulation so far was ay = aqy Bl g% d

robot-agnostic, we now focus on the quadrotor model. w2



IMU rate. The covarianc® gk . is derived by linearizing the

K +:
2, L 1y !23 error z=[ ; ; ; b/]l andnoise =[ 1; 1; b
where: (1) = 4i ; !02 éz !!yxs . (7) dynamics between ingegragon steps as
I, 1y 1x 0 .
. . . b _— by 4 5 by Ab 1
To make the integration of the measurements independent o%is; = Aizi“ + Gi & t t 1 b (14)
2 t

the states at framle, we group the terms containing measure- by

oAb Ab b
ments in™y T "y, » and change the reference framgynere s the minimal perturbation around the mean of
from world to body frame as done in IMU preintegration [16]Finally, Pﬁt _ is linearly propagated fror® Ei = 0 by

Ab
bk +1

Z Z tie+1
b, — by b 2
Ak = . Ry« 2+ d PX, = A\PXAT + GiQG/ (15)
te+ . . . . bk bk
"E:ﬂ = ' Ry f* + d (8) with the linearizationA; = %;& andG; = @é—*l.
Ty I
et ] E. Bias Correction

= .V\b b, 1 b d:

o 2 ' boob The rst-order Jacobian matridy,,, of zp*  with respect
We then derive the prediction of the terms in (8) from thto zgi can be computed recursively By,; = A;J; starting
model equations in (6) to form the factors from the initial Jacobian o8, = I|. The preintegrated terms
X X 1 , 1., . can then be corrected py their rst ordgr approximation with
ba = Ru Phoy  Pb Vb 30" tc Sfe tc  respect to the change in gyroscope bigs, = b,, by,
from the initial estimateo,, as follows:

B:ﬂ = R‘k')‘lk V\t,JVk+1 V‘tl’vk gW tk fgk tk @ bk
be 4P wo by by by +1
by — dw Qb ,; - Nk Nk +J|b[ J,:
K +1 k +1 (9) by +1 by +1 by k b @;! .
k
C. Dynamic Residual Ab Ab _ @y, .
y H . . . b:+l b:ﬂ + Jb! b! k Jb} - @)I - * (16)
Now we can combine (8) and (9) into the dynamic residual Pk
between frame$ and b¢+1, which also includes the zero—F Mardinalizati
mean prior on external forces. - Marginalization
2 be by " # We adapt the marginalization strategy proposed in [2], such
‘ bt Do . pgk 1 that when the second last frame in the window is a keyframe,
& =4 . b £ wk= o™ W (10)  we marginalize out the oldest keyframe's state and external
t

force fe,. The corresponding visual, inertial, and thrust mea-

urements of the marginalized states are converted into a prior.
If the second last frame is not a keyframe, its state, external
by _ i ) ) i for(_:e and C(_)rresponding visual measurements are dropped,
Py, (derived in Sec. Ill-D) and a diagonal weighk for e the preintegrated IMU and thrust measurements are kept

the external force zero-mean prior. , and continued to be preintegrated till the last frame.
It is important to note that these preintegrated terms still

depend on the gyroscope bias. This means that each time IV. EXPERIMENTS

an optimization iteration changes the bias estimate slightly,we perform 3 types of experiments: IV-A: simulation based
we need to repropagate the measurements. To avoid Bigeriments; IV-B: evaluation on the Blackbird dataset [21]
computationally expensive repropagation, we will adopt thgith real pose, inertial, and rotor speed measurements but

€k

Finally, the weight of the residual can be formulated by th
inverse of the covariance in ~and "p  extracted from

solution proposed in [16], and explained in Sec. llI-E. synthetic camera frames; IV-C real-world experiments.
D. Propagation Algorithm A. Simulation
AbWe start the prci)pagatlon from an initial C‘?”d't'on_'ogi = Experiment SetupTo generate repeatable data in a fully
b = O3 1 and” =[1;03 1]. The Euler integration over controlled environment, we used the RotorS simulator from
timestep t; is computed by [22], a Micro-Aerial Vehicle Simulator using Gazebo in ROS.
Abe _ b L Ab 1 nbreb 2 We used a forward looking camera wi#b2 480 image
PO ER( P TPt (11)  resolution. The base simulation vehicle wasimmingbird
A= Abe g R(AbOTD ¢ (12) from [22] according to which the gnboard IMU was corrupted
1+ ! o with noise of, | = 0:004rad=s Hz for the gyroscope,
Abc = Ab 1 (13) a=0:1m=s* Hz for the acc?}egmeter, and a bias random

i+1 [ 1 .

" | 2(tm bu )t walk of , = 0:00QP38rads’> Hz for the gyroscope, and
To achieve optimal linearization accuracy, the algorithm is rurp, = 0:00004 [n¥s®" Hz] for the accelerometer. The tuning
at the rate of the fastest available measurement, typically th@ameters + and w; were hand-tuned and then kept the



(a) Trajectory 1 — Top View (b) Trajectory 1 — Side View (c) Trajectory 1 — Pos. Error (d) Trajectory 1 — Yaw Error

(e) Trajectory 2 — Top View (f) Trajectory 2 — Side View (9) Trajectory 2 — Pos. Error (h) Trajectory 2 — Yaw Error

Fig. 3: Comparison between VINS — (green), VIMO — (ours, blue) and ground truth — (purple) on a random trajectory (top) and a helical eight trajectory
(bottom) at2:5ms 1 with external forces applied. This con guration depicts the worst performance of VIMO compared with VINS-Mono. The two left
columns show the estimated trajectories aligned with the ground truth. The two right columns summarize the relative translation and yaw error statistics over
trajectory segments. Boxes indicate the middle two quartiles while whiskers denote upper and lower quartiles and the center line indicates the median.

same across all of the experiments. The dynamic residumahgnitude of30 . We rst compare the performance of our
was implemented in VINS-Mono with a maximum numbeapproach (VIMO) against VINS-Mono in terms of accuracy
of 150 features tracked per frame. For a fair comparisoand computation times. Finally, we compare the quality of the
no loop closure was applied. The estimator is run on external force estimate against the estimate obtained from a
2:5GHz Intel Core i7 CPU. VINS-Mono processes framesaive approach.

and provides estimates. di0 Hz, with IMU measure_ments Comparison with VINS-MonoFig.[3 shows plots compar-
sampled aB00 Hz, thrust inputs al.50 Hz and camera imagesing simulation performance of VINS-Mono with VIMO on
at40Hz An external force is applied programmatically in thgna o trajectory shapes own at 2.5 m/s top speed and

simulation, therefore its ground truth is known. We acquiregisiyrhed with external forces. This scenario represents the
simulated datasets for two trajectory shapes: trajectory 1,8 st performance of VIMO in comparison with VINS-Mono

737mlong and is generated by arbitrarily choosing waypoini$, trajectory 1 and an average performance for trajectory
(Figs.[3% anfl 3b); trajectory 2 is helical eight r(]':@ 3e[and 3)) ag visible from Talf] 1. The plots were generated and the
given by formulatiomp( ) =[lx sin2;1y cos; 3-(sin )] absolute and relative errors were computed using the open

with I, =2m ly = 4m and heighth = 3:2m. In the 1St g4 rce trajectory evaluation toolbox for VIO pipelinés1[23].
set of experlmentf, the quadrotor ies undisturbed at speedsf; 4| the experiments, we align all the estimated states to
[1,2,2:5,4;5]ms °, Wh"? n Fhe sec?nd set external forces aGhe ground truth usingosyawtrajectory alignment method of

on the vehicle ying aff1;2;2:5]ms *. In all the experiments, he toolbox. The top and side view of the estimated trajectories

the reference heading was set to sinusoidally change Wi”b)?‘VINS-Mono and VIMO almost overlap and are very close

TABLE |: Comparison between performance of VINS and VIMO.

trans. RMSE (m) rot. RMSE (deg) avg solve time (ms)| max solve time (ms)
top speed (m/s)| VINS | VIMO | % decrease| VINS | VIMO | % decrease| VINS | VIMO VINS | VIMO
1.0 | 0.066 | 0.039 40.9 1.40 0.57 59.3 42.0 40.9 52.1 54.7
Trajectory 1: 73:7m 2.0 | 0.093 | 0.073 21.5 0.69 0.64 7.2 39.9 39.9 61.8 63.3
4.0 | 0.038 | 0.033 13.2 0.49 0.36 26.5 37.9 38.0 49.1 50.5
5.0 | 0.068 | 0.062 8.8 0.66 0.47 28.8 38.3 38.3 51.1 53.8
Trajectory 1: 73:7m | 1.0 | 0.105 | 0.089 15.2 181 | 075 58.6 42,0 40.7 52.2 54.2
A 2.0 | 0.057 | 0.051 10.5 0.75 0.61 18.7 39.6 39.7 50.8 55.5
with external forces | 5'5 | g'o55 | 0059 | - 7.3 071 | 069 2.8 303 38.8 59.7 51.0
1.0 | 0.228 | 0.189 17.1 1.45 1.12 22.8 40.7 40.9 54.0 60.7
Trajectory 2: 65:8m 2.0 | 0.147 | 0.143 2.7 0.67 0.42 37.3 39.7 39.1 52.6 51.8
4.0 | 0.085 | 0.068 20.0 0.81 0.65 19.8 38.3 38.0 50.5 57.4
5.0 | 0.073 | 0.061 16.4 0.72 0.48 33.3 38.2 38.0 51.8 61.6
Trajectory 2: 65:8m | 1.0 | 0.162 | 0.154 4.9 1.29 | 1.00 225 40.8 40.9 55.6 61.8
A 2.0 | 0.157 | 0.136 13.4 0.74 0.62 16.2 40.2 38.8 84.5 58.7
with external forces | 55 | ¢'g94 | 0061 351 064 | 052 18.8 395 385 52.1 61.7




(a) Trajectory 1 —x-axis (b) Trajectory 1 —y-axis (c) Trajectory 1 —z-axis

(d) Trajectory 2 —x-axis (e) Trajectory 2 -y-axis (f) Trajectory 2 —z-axis
Fig. 4: Comparison between external force estimates from VIMO — (pink), the naive approach (green) and calculated ground truth — (blue) on
the random trajectory (top, a - c) and the helical-eight trajectory (bottom, d - f). The external force estimate consists of air drag-rabdgiyaxis and 2
external forces applied at= 10s andt = 32s for the top experiment antl= 47 s andt = 68s for the bottom experiment.

to the ground truth. For this worst-case scenario, the relatisleag in body z axis is very small. From the plots it is evident
translation error for VIMO is less than or similar to the errothat the naive deterministic estimate needs additional Itering
for VINS-Mono, while the relative yaw errors for VIMO and bias removal steps, whereas our estimator implicitly takes
is slightly higher than VINS-Mono. We report all measure¢hto account the noise characteristics of the IMU, its bias, the
RMSE and computation time for VINS-Mono and VIMOnoise in the state estimates, and the noise of the commanded
in Table |, together with the percentage decrease in RM$titust. Hence, our estimate lies closer to the computed ground
of VIMO compared to VINS-mono. The maximum increas#ruth force. The plots also show that the force estimates take
in accuracy is 40% experienced at a speed of 1 m/s itime to converge at the beginning, as long as the IMU bias
random trajectory, without external forces, while one outlyingstimate is not converged (rst 8 109. One peculiarity
experiment (trajectory 1, with forces &5ms 1) showed Vvisible in Fig 4(f) are the peaks in the estimatetat 32's
a decrease of accuracy. Overall, we achieve a decreaseamdt = 88s, which are not visible in the ground truth. This
translational RMSE of 15% and a decrease in rotationalis the result of a high change in commanded thrust, while the
RMSE 25%in the simulated experiments. In general, thactual thrust has latency introduced by the motors and speed
addition of dynamic residuals excels especially in scenariosntrollers.
of low signal-to-noise ratio in the IMU data, which occur at .
low accelerations. While we could tune the parametefs 5- Blackbird Dataset
andw; to increase the accuracy of individual experiments, we Experiment Setup:Additionally, we evaluate the perfor-
wanted to fairly evaluate our estimator's performance withomance of VIMO and VINS-Mono on the Blackbird dataset
tuning between scenarios to accurately represent real-woiddm [21], which uses a motion capture system for closed-
applications. In addition to increasing the accuracy, it can heop control of a UAV along fast trajectories, while rendering
observed in Tab. | that our approach does not increase theotorealistic images of synthetic scenes synchronized with
average solving time, but keeps it nearly equal to VINS-Mononboard IMU and rotor thrust measurements. We use the
Evaluation of External Force Estimatdn this section we two sequencestar and picassoat speeds fromi to 4ms !
compare VIMO's external force estimate against the estimatéth the camera forward-facing for thetar sequence and
obtained from a naive approach and the ground truth. Veié a xed yaw for thepicassosequence. Since this dataset
compute a naive deterministic estimatefgs= &P ﬂ’ by does not include any applied external forces, we only evaluate
simply subtracting the mass normalised thrﬁﬁt from the pose estimation as direct comparison on the public available
accelerometer measuremes Fig 4 shows plots of force dataset for reproducibility. Since the dataset contains IMU
estimates obtained for the different trajectory shapes own ateasurements d00 Hz we downsample the images, which
2.5 m/s top speed. In both the experiments, we disturb thee available at a faster rate 120 Hz to 30 Hzto allow proper
quadrotor at its center of mass by 2 external forces for IRIU preintegration. We use the rotor thrust measurements at
seconds each, one after the other, in all three body axes. The provided 190Hz
ground truth of the external force is computed as a sum of mas€valuation: Also for the Blackbird dataset [21], we use the
normalised external disturbance measured by the force sertsajectory alignment toolbox from [23] with thgosyawalign-
and the drag force. Since RotorS does not provide ground trutient. Even though this dataset does not include sequences
of the drag force, we approximate it of ine using the lineawith applied (and measured) external forces, we could measure
drag model diag([dx;dy;dz])R‘g’Tvg’ [24], and the ground a slight performance increase as shown in Table Il. Different
truth rotation, velocity and mass normalized drag coef cienfsom most available datasets (Sec. V-B), the Blackbird dataset
dy; dy; d, from the simulator. We assunt = 0 because the includes the rotor speed measurements which we exploit
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