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Abstract— Accurate disturbance estimation is crucial for
reliable robotic physical interaction. To estimate environmental
interference in a low-cost and sensorless way (without force
sensor), a variety of tightly-coupled visual inertial external force
estimators are proposed in the literature. However, existing so-
lutions may suffer from relatively low-frequency preintegration.
In this paper, a novel estimator is designed to overcome this
issue via high-frequency instantaneous accelerometer update.

I. INTRODUCTION

(a) (b)

Fig. 1: (a) Factor graph framework used in [1], [2], [3], [4].
(b) Our novel filter framework.

VIMO [1] is the first approach exploiting the external force
within the framework of optimization-based visual inertial
odometry (VIO) [5]. Dynamic measurements are preinte-
grated as relative motion constraints between keyframes,
refering to IMU preintegration [6]. However, the unknown
external force is modeled as zero-mean Gaussian. Therefore,
the estimator will be greatly affected by large or continuous
external force. VID-Fusion [2] improves VIMO by exploiting
the prior knowledge of external force derived from IMU
and dynamic measurements. However, the external force
preintegration term between adjacent keyframes is averaged
to approximate the force variable. This approximation intro-
duces estimation error. HDVIO [3] and VIEW [4] employ
similar factor graph framework, as shown in the Fig. 1a.

To accurately and efficiently estimate the external force,
we propose a novel filter-based framework, which is pre-
sented in the Fig. 1b. Dynamic and gyroscope measurements
are utilized to propagate the state variable. Accelerometer
and camera measurements are used to update the state with
respective frequency. The external force is updated with
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instantaneous accelerometer measurements without average
approximation error in factor graph framework, which is
prone to suffer from relatively ”long-term” dynamic preinte-
gration. We adopt a Multi-State Constraint Kalman Filter
(MSCKF) [7] framework based on OpenVINS [8]. The
superiority of our approach is demonstrated in the UAV case.

II. PROBLEM FORMULATION

(a) (b)

Fig. 2: (a) Mass-normalized forces of UAV. (b) Data collec-
tion platform of VID-Dataset [9].

1) Notation: There, let us define the gravity aligned world
coordinate frame as {W}, the geometric central coordinate
frame as {B}, the centroid frame as {M}, and the IMU
frame as {I}. Frame {B}, {M} and {I} are assumed to be
coincident, like [1], [2], [3]. Hereafter, only {I} is used to
refer to the body coordinate frame of UAV.

W (•) represents a physical quantity in frame {W}. The
position of I in frame {W} is expressed as W pI . The
velocity of I in frame {W} is expressed as W vI . A unit
quaternion, I

W q, represents the attitude of frame {I} with
respect to frame {W}, and its corresponding rotation matrix
is I

WR. The transpose of a matrix is [•]T .
The force analysis of a UAV is shown in the Fig. 2a.

The resultant force other than gravity and thrust is termed
as external force. The mass-normalized thrust and external
force are denoted as Tm and Fext respectively. These two
forces are expressed in frame {I}. g is gravity vector, which
is expressed in frame {W}.

2) State Vector: The MSCKF state vector includes the
current robot state, N augmented historical pose clones and
L augmented visual features:
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Where xI is the current robot state, including the robot
pose, velocity, the bias of IMU and external force. xci is
the augmented robot pose, which is obtained by cloning the
first two physical quantities of xI at different camera times.
N is known as the sliding window size, a fixed parameter.
The pose clones in the sliding window are used for the
triangulation of environmental visual feature points. W pfj
is augmented feature, or SLAM feature [8].

3) Dynamic Propagation: The nonlinear continuous-time
process model of the system can be expressed as:
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ḃω = nbω , ḃa = nba , Ḟext = nF

(2)

Where the definition of Ω (ω) can be found in [7], [8].
n[•] represents the zero mean Gaussian noise of [•]. xI

is driven by angular velocity measurement ωm, and thrust
measurement Tm, which is sampled as IMU frequency.

4) Accelerometer Measurement Update: Accelerometer
measurement am can observe external force.

am = h (xI) = h (ba, Fext) = Tm + Fext + ba + na (3)

Unlike factor graph framework in the Fig. 1a, the external
force is updated with accelerometer frequency. We found this
is an easier and more effective way than preintegration.

5) Visual Measurement Update: We follow OpenVINS
[8] for the technical details of visual update.

III. RESULTS

To the best of our knowledge, in the UAV community,
VID-Dataset [9] is the first and only dataset that contains
real-world visual-inertial measurement, thrust measurement,
pose groundtruth and external force groundtruth. Sequence
17 and 18 are chosen for validation, as only these two
sequences have the groundtruth of external force. Data col-
lection platform is shown in the Fig. 2b. The external force
of UAV is dominated by the tension force of elastic rope.
Therefore, the tension force measured by the force sensor
can be regarded as the external force of UAV, namely Fext.

Estimation results of Fext are shown in the Fig. 3.
The quantified RMSE results are provided in the Table I.
Compared with VID-Fusion [2], our method has significant
accuracy improvement. The quantified absolute trajectory
error (ATE) results are also shown in the Table I. Our method
achieves better pose estimation than VID-Fusion.

IV. CONCLUSION

In this work, a novel visual inertial external force estimator
is proposed to address the issue of unknown environmental
interference for the robot. Compared with SOTA, the esti-
mation accuracy is significantly improved. The methodology
itself is generic and can be applied to other robotic platform
than UAV, like legged robot [4], by modifying the dynamic
model in Section II-.3. Accurate knowledge about external
force would provide strong support for downstream applica-
tions, such as control and planning [10], [11].

Fig. 3: External force estimation: 17 (left) and 18 (right).

TABLE I: External force estimation RMSE (m/s2) and ATE
(m) of different algorithms (VID-Fusion, Ours) are evaluated
with each sequence (seq.) of VID-Dataset.

Seq. External force estimation RMSE ATE

VID-Fusion Ours Decrease VID-Fusion Ours Decrease

17 0.206 0.072 65.05% 0.0456 0.0362 20.61%
18 0.160 0.074 53.75% 0.0788 0.0499 36.68%
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