Image Gradient-based Monocular Visual-Inertial Odometry

Tae IThn Kim
Robotics Lab, Hyundai Motor Company,
Uiwang-si, Gyeonggi-do, 16082, Republic of Korea

Jae Hyung Jung
Dept. of Aerospace Engineering, Seoul National University / ASRI
Seoul, 08826, Republic of Korea

Chan Gook Park
Dept. of Aerospace Engineering, Seoul National University / ASRI
Seoul, 08826, Republic of Korea
E-mail: natigerya@snu.ac.kr, lastflowers@snu.ac.kr, chanpark@snu.ac.kr

Abstract

This paper presents image gradient-based monocular visual-inertial odometry (V10) algorithm, using image gradient
measurements, robust to illumination change. We expand the measurements from the reprojected feature locations on
the image coordinates to the corresponding image gradients. The iterated EKF and low-pass pyramid are adapted to
reduce the linearization error in the multi-state constraint Kalman filter (MSCKF) measurement update process. We
verify that our proposed algorithm outperforms both conventional indirect and direct MSCKF-based VIO algorithms

by evaluating the pose estimation performance.

Keywords: Illumination Change, Image Gradient, Iterated Extended Kalman Filter, Low-pass Pyramid, Visual-

Inertial Odometry

1. Introduction

An accurate ego-motion estimation of a vehicle in a
global navigation satellite system (GNSS) denied
environment has been a challenging task in robotics and
autonomous driving for several decades [1]. To tackle
this issue, the ego-motion estimation algorithm using
camera information, so-called Visual Odometry (VO),
has been studied [2], [3], [4]. VO incrementally estimates
a relative 6-DOF pose between consecutive images.

The most representative fusion of camera and alternative
sensors is visual-inertial odometry (VIO), which
additionally uses IMU; accelerometers, and gyroscopes.
Despite various VIO algorithm studies, several
challenging environments exist for ego-motion
estimation, still being tackled. One representative
environment is where the photometric consistency
assumption is violated due to the illumination change.
The main contribution of this paper is threefold. First,
inspired by the studies on image gradient-based VO
algorithms [5]. we adapted the novel measurement,
image gradient, to the VIO framework. Image gradient is
known to be robust to illumination change. We utilize
image gradients in the horizontal and vertical image
directions as measurements of the multi-state constraint
Kalman filter (MSCKF)-based VIO algorithm. Second,
unlike the conventional MSCKF-based VIO algorithm,

we apply iterated extended Kalman filter (EKF) and low-
pass pyramid to minimize linearization error. Lastly, we
evaluate our proposed algorithm at both simulation and
real-world datasets and demonstrate that our proposed
algorithm outperforms both conventional indirect and
direct methods in the environment where illumination
changes.

2. Preliminaries

In this paper, the 3D pose is described at the current IMU-
affixed frame, {B,}, at time k with respect to a global
frame, {G}. The global frame is the initial body frame
aligned with gravity. Unlike EKF, MSCKF considers
multiple images and utilizes the geometric constraint to
estimate the ego-motion of the vehicle. Therefore,
MSCKEF includes the previous camera poses in the state.
{C;} is a camera frame of the ith element in the sliding
window of MSCKF.

The mathematical expression is described as follows. For

example, pgl‘fiis the position of camera frame described

as the translation from the Ith camera frame, C, to the ith
3D feature position, f; with respect to C;.
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3. State Representation

The MSCKF state, Xysckr 1S formulated as a
combination vector of the IMU state, X;y,, and the
previous camera state, X, in the sliding window.
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qcp 1S the unit quaternion describing the rotation from
body frame {B} to the global frame {G} (or the body
attitude with respect to {G}, pés and vy are the body
position and velocity with respect to {G}, respectively,
b, and b, are accelerometer and gyroscope bias,
respectively, and qq, and pgcl are the [th camera
attitude and position, respectively.

True position, velocity, accelerometer and gyroscope bias
are expressed as X = X + X, where X and X are
estimated and error state, respectively, and true attitude
as g = 6qg®q , where ® denotes quaternion
multiplication. Then, the quaternion error is derived as
follows.

. 1
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Therefore, the error state is defined as below.
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4. Measurement Model

In our proposed algorithm, the measurement of the
conventional MSCKF, which is the reprojected feature
location on the image coordinate, is extended to the
image gradients along the horizontal and vertical
direction of the image, zg qgient

Vilu(m(p,))
VJH(”(P?::; )

(8)

Zyradient il =
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where Pgllfl. = h(pgfi'egypgcl) : Zgradient,i,l is the
measurement of the ith feature on the [th image. 7 (*) isa
reprojected feature location, I;;(m(-)) is an intensity at
the reprojected feature location, V,J;;(m(})) and
V,1;,(m(-)) are gradients along horizontal and vertical
directions of image. ngrqgient,i,; IS the noise of the ith
feature on the [th image.

5. Measurement Update

The measurement update of our proposed algorithm
proceeds when either a feature is lost from tracking or the
length of the feature track exceeds the size of the sliding
window, which are the same measurement update
conditions of the conventional MSCKF-based VIO
algorithm [6], [7]. Since the novel measurement, image
gradients along the horizontal and vertical direction of the

image are utilized, the residual is expanded to the
difference between the anchor and the [th image gradient
along two directions as,

rig=zig—Zit
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where ;ag;fi = h(BSs, 08,08 . Vilia and Uy, , are
the image gradients along the horizontal and vertical
direction of the anchor image. The anchor frame is
defined as the camera image where the ith feature is
captured in the sliding window. r;;, z;; and Z;,; are the
residuals, measured gradients and estimated gradients of
the ith feature on the Ith image, respectively. Hy,, and
H¢, are state and feature position Jacobian matrix,
respectively. X, is the error state at step k and p& f, isthe
error feature position.

The residuals of the ith feature on all image frames are
accumulated to form a block vector of residuals of the ith
feature. Since the measurement is extended from the
image feature projection location on the image
coordinates to image gradients, Jacobian matrices of state,
HXCl, and feature position, Hpgf', are newly derived as

below.

VP A, va) 9P,
{ E)(ud.v,;) ")f’z:i.n T(‘
e Vi 3 (ug,va)

o Mg, vg) r}p:::“ ’
ValVill)  ¥lVyh)

g, va) i) I(v)

A

(10)

V. and V, are gradients along horizontal and vertical
direction of the image, respectively. u; and v, are
undistorted image pixels along horizontal and vertical
direction of image, respectively. X, is the [th camera
v
9(ug.va)
Then, the residual is projected to a left null-space to
eliminate the terms related to the 3D feature position. The
block vectors of the residuals of the ith feature are
accumulated to form a block vector of all residuals and
proceed QR decomposition to reduce computational
complexity.
Unlike EKF, which utilizes prior estimate as a
linearization point, iterated EKF iteratively computes
posterior estimate, which is more accurate since the
measurement is reflected. The MSCKF measurement
update equation is summarized as follows.
86X, = Kilye —h(X, )
Ky =F, TH‘T(TH.PA. TH;.:.+QIAJI<I)¢Q11) !
Ty = ¥ *h(& )= QMT"EI,‘

pose. implies the gradients of the gradient image.

(11)

8X;t is aposterior estimated state, which is the correction
term with respect to the error state from X} = X; H
8X;. | is the operator defining the error state as the
estimated error state and the correction term. h(Xy) is
the measurement equation of the system, K, is the

©The 2024 International Conference on Artificial Life and Robotics (ICAROB2024), J:COM HorutoHall, Oita, Japan, 2024

947



Kalman gain, and Py is the prior covariance of the
estimated error. Ty, is the upper triangular matrix
computed from the QR decomposition. @, is the unitary
matrix computed from the QR decomposition, whose
columns form bases for the range of Hy. y, is the
measurement, and R,, is the covariance matrix of the
measurement.

The EKF-based MSCKF uses the prior estimate state as
the linearization point. Therefore, the measurement is not
reflected on the linearization point. However, the iterated
EKF-based MSCKEF first computes the posterior estimate
state using the prior estimate state to reflect the
measurement on the linearization point and iteratively
computes the posterior estimate state to reduce the
linearization point. Therefore, the adaptation of the
iterated EKF to MSCKF is made through modification of
equation 11 to

X/ = Kualne —h(&5)+ T, (0X,))
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8Xii41 is the correction term at the i + 1th iteration and
h()?,;“,i) is the measurement equation of system, where
posterior is reflected. K, ;, Thy and Qy,,, are the Kalman
gain, the upper triangular matrix, and the unitary matrix,
respectively, at the ith iteration. The combination of the
iterated EKF and the low-pass pyramid results in a
reduction of the residual, which implies the improvement
of linearization error due to the high non-linearity of the
image gradients.
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Fig. 1. Attitude and position RMSE

6. Experimental Results

The proposed algorithm is evaluated at a real-world
dataset to verify that it is more robust to the illumination
change than the feature-based and intensity-based
methods. EUR0C real-world dataset is collected from an
on-board hex-rotor helicopter. This dataset provides
stereo images, IMU data, and 6-DOF ground-truth.
Illumination change due to the camera's automatic
exposure time is included in the image. The performance
of our proposed algorithm is analyzed on five different

Image Gradient-based Monocular Visual-Inertial

sequences collected in the same indoor environment, and
MAV travels 94.86 m in 134.8 s on average.

The experiment result is summarized in Fig. 1. It reports
that the average 3D position RMSE of the feature-based
method is less than that of the intensity-based method.
This result implies that the illumination change strongly
influences the image intensity, while the reprojected
feature position is less influenced. The feature-based
method is less influenced because the extracted feature
position's accuracy depends on motion-blur, not the
illumination change. Average 3D position RMSE of the
intensity-based method is reduced by utilizing the image
gradient

7. Conclusion

In this paper, we have proposed the utilization of image
gradients as measurements in the monocular MSCKF-
based V10 algorithm with an adaptation of iterated EKF
with the low-pass pyramid. The novel measurement is
used to tackle the illumination change environment,
where the photometric-consistency assumption is
violated. Unlike the conventional method, which utilizes
the image feature coordinates, our proposed algorithm
utilizes the image gradients along the horizontal and
vertical direction of the image with the adaptation of
iterated EKF and low-pass pyramid. The performance of
the proposed algorithm is analyzed by comparing it to
that of feature-based and intensity-based methods at the
real-world dataset. Our experimental result reports that
our proposed algorithm's accuracy of both 3D attitude
and position estimation outperforms both feature-based
and intensity-based algorithms.
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