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ABSTRACT

Spatial configuration and time synchronization technology are the key to achieve high precision
positioning of visual inertial system. The premise is to calibrate the internal and external parameters
of the camera, the IMU (inertial measurement unit) bias and the external parameters between the
camera and the IMU. In the traditional calibration method, the work of external parameter calibration
is carried out offline, and it is generally completed in the initialization stage before being put into use,
and it is assumed that the external parameters of each sensor will not change during the long-term
operation. However, in complex practical working environments, sensor suites consisting of cameras
and low-cost IMU often have time delay problems due to device processes, and visual inertia
systems may be subjected to physical shocks from outside. Therefore, it is often necessary to face
the failure of initial external parameters due to uncertain factors such as external shocks, time delays,
mechanical structure adjustments or cumulative deformation under long-term work. In view of the
above background, this paper constructs an online calibration model of monocular IMU based on
the feature that the online calibration method can correct the external parameter deviation in real
time and the constraint factor of the natural environment. Firstly, the external parameters of
monocular camera and IMU are initialized based on physical space constraints, and the initial values
to be optimized are obtained. Finally, the problem of matching the structural features in the online
calibration process is solved by using the method of matching the structural features in the vertical
main direction, and the objective optimization function of reprojection error considering the point and
structure line is constructed. The Jacobian matrix of the reprojection error is given, and the
decreasing direction of the optimization function is determined. The global optimal solution of the
external parameters of camera and IMU is obtained in the online calibration.
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1. INTRODUCTION

The research on location services has very important civil and military value. People's demand for
location services is no longer simply satisfied with regional positioning, but more inclined to all-
round, free from environmental location constraints, real-time positioning services, and the
requirements for positioning accuracy are getting higher and higher. The technology of spatial
positioning and time synchronization is the key to realize high precision navigation and positioning
system. GNSS (global navigation satellite system) can provide efficient and stable navigation and
positioning services in open outdoor environments, but it often fails to work properly indoors or in
areas where satellite signals are blocked. Therefore, researchers have begun to explore positioning
systems based on natural feature-based vision combined with low-cost IMU (inertial measurement
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unit), hoping to achieve high-precision spatial positioning and time synchronization in a variety of
environments. The visual inertial system can effectively solve the problems such as low precision,
insufficient robustness and weak reliability of a single positioning source, and can realize continuous
positioning in a variety of scenes, which is a necessary supplement to GNSS. However, in order to
achieve high precision spatial configuration and time synchronization, the visual inertial system must
be calibrated accurately.

The purpose of calibration is to solve the relative pose between the camera coordinate system and the
IMU coordinate system, including a rotation quantity and a translation quantity, also known as the
external parameter of the sensor, referred to as the external parameter. The precision of external
parameters directly determines the precision of fusion positioning, so how to solve the accurate
external parameters is the key problem in the research of camera and IMU fusion positioning
technology. According to the operating cycle of the system, the calibration mode of external
parameters between the camera and the IMU is usually offline and online. Usually in the initial stage
of system operation, in order to obtain accurate sensor parameters, the involved sensors are calibrated
offline. The off-line calibration method can provide more accurate calibration results, but it needs a
specific site and has high learning cost. Device process, algorithmic reasoning and external
environment are the main sources of error accumulation, which seriously affects the robustness of
system operation and has a destructive impact on the system. Therefore, during the operation of the
system, most of the online calibration method is used to correct the accumulated errors in real time,
S0 as to realize the dynamic update of the external parameters between the camera and the IMU.

VIO (visual inertial odometry) and VI-SLAM (visual inertial simultaneous localization and mapping)
technology not only provide accurate motion estimation, but also real-time correction of sensor
parameters. Therefore, the external parameter calibration methods of camera and IMU based on VIO
and VI-SLAM have attracted the attention of many researchers. Weiss et al. [1] proposed a UAV
(unmanned aerial vehicle) navigation algorithm equipped with monocular camera and IMU, and used
EKF (extended kalman filter) to estimate the external parameters of monocular camera and IMU
online. The VIO algorithm of MSCKF (multi state constraint kalman filter) 2.0 proposed by L. et al.
[2] also uses EKF to perform online estimation of external parameters of monocular camera and IMU.
However, there is no systematic analysis of calibration performance in these papers, and the
parameters of the sensor need to be known in advance, and the convergence of calibration parameters
still depends on the accuracy of the initial value. For this reason, Dong-Si et al. [3] proposed an
external parameter calibration method for monocular camera and IMU without prior knowledge. The
method first carried out feasibility analysis on the rotation quantity, translation quantity and the order
of parameters such as camera scale between calibration sensors, and then constructed each state
quantity as a least squares problem about the reprojection error of feature points. However, the IMU
bias is not taken into account, and the accumulation of bias over time will cause performance
degradation. Based on Dong-Si, Yang et al. [4] adopted the sliding window strategy to linearly
calibrate the rotation quantity, and linearly calibrate other parameters during initialization. Finally,
all state quantities were optimized using nonlinear methods. In their subsequent VINS-mono [5], IMU
bias was added. Huang et al. [6] proposed an online initialization method to calibrate the external
parameters of monocular cameras and IMU by constructing linear equations, assuming that IMU bias
is an unknown and fixed value. However, the external parameter becomes a fixed value after
initialization, and the real-time calibration is not realized, and the time difference of heterogeneous
sensor fusion is not considered. Since then, there have been many calibration methods that do not
require any mechanical configuration parameters. For example, Yu et al. [7] used the known initial
rotation quantity between the camera and the IMU, expressed the alignment model as a polynomial
equation set based on Nomogram constraints through a first-order approximation of the rotation
quantity, and recovered the rotation alignment parameters. Arbabmir et al. [8] used a hybrid
optimization algorithm to carry out automatic calibration of camera internal calibration and camera
IMU external calibration.
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Through analysis, it can be seen that the above work does not make full use of the scene structure
information in the natural environment, and ignores the localization difficulty of the camera in the
low-texture environment. Three-dimensional structure information reflects the layout of the scene,
the shape of the object and the relationship between the objects, which is very important for the
understanding and reconstruction of the scene. As an important feature of scene structure, vanishing
point was mainly used for camera position calibration [9], 3D scene reconstruction and target
recovery in the early stage. Therefore, an online IMU calibration method for monocular cameras with
structural feature constraints is proposed in this paper.

2. EXTRACTION AND MATCHING OF STRUCTURAL FEATURES

The line feature detection method usually uses the edge detection algorithm to extract the edge feature
in the image, and then extracts the line segment by least square fitting or Hough transform. This kind
of method is a global fitting algorithm, the detection accuracy depends on the accuracy of edge
detection algorithm, and it is easy to cause error detection in the dense edge texture region, and the
time cost is high. Considering the performance requirements of subsequent working point and line
feature matching, this paper adopts LSD (line segment detector), which is real-time, does not need to
adjust image parameters, and can control error detection and sub-pixel level detection accuracy [10].
The essence of LSD algorithm is to merge pixels with the same pixel gradient direction in a local
area.

After the detection of line segments in the image, the direction of all line segments is classified, that
is, the line segments in the same leading direction are parallel to each other and belong to the same
vanishing point. Therefore, the vanishing point estimation algorithm mainly relies on the detected
line segments in the image, and utilizes the characteristics of the perspective projection of parallel
line segments. Usually based on EM (expectation maximization) [11], RANSAC (random sample
consistency), ES (exhaustive searching) to estimate the optimal vanishing point results. However, the
above vanishing point estimation algorithm has high requirements on time cost and initial vanishing
point value, and it is easy to produce local optimal solution.

According to the definition of the vanishing point, the position of the vanishing point in the image is
only related to the direction of the corresponding parallel line segment, and has nothing to do with
the displacement of the corresponding parallel line segment. Therefore, the vanishing point estimation
method in the Manhattan world hypothesis needs to satisfy the following two constraints: (1) the
solution of the vanishing point should satisfy the global constraint, that is, it is not a locally optimal
solution. (2) The solution of the vanishing point should satisfy the Manhattan world hypothesis, that
is, the vanishing point should satisfy the orthogonal constraint. Therefore, this paper adopts the
vanishing point real-time estimation algorithm which satisfies both global and orthogonal constraints.
This algorithm uses 2 MSS (minimal solution set) to estimate the first vanishing point, relies on the
orthogonality of the vanishing point to estimate the second vanishing point on the normal plane of
the first vanishing point, and finally adopts the exhaustive search strategy to obtain the global optimal
estimation result, and constructs the polar coordinate grid at the intersection of the straight lines. To
achieve the purpose of speeding up exhaustive search. The specific flow of the algorithm is to use 2
line segments to estimate the first vanishing point, and then evenly extract the sample of the second
vanishing point on the equivalent sphere of the first vanishing point, and finally calculate the third
vanishing point through the cross product of the first vanishing point and the second vanishing point
[12].

Then all line segments need to be classified for verification, that is, the construction of structural
features. As show in Figure 1, 6 is the angle between the vanishing point and the line segment,
VP;g is the projection position of the vanishing point in the image, P, and P, are the two endpoints
of the line segment, and P,,;; is the midpoint of the line segment. When 6 < 6°, the line segment
and the vanishing point belong to the same dominant direction.
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Figure 1. The Position of 6 in Image

Finally, in order to accelerate the matching of structural features in nonlinear optimization, a matching
method based on vertical principal direction is adopted in this paper. From the definition of structure
lines, we can see that structure features are constrained by three orthogonal points, so the matching
problem of structure features can be transformed into the matching problem of vanishing points. From
the orthogonality of vanishing points, it can be seen that if the direction of a vanishing point is known,
it is only necessary to match the direction of another vanishing point to complete the matching of
phase structure features between adjacent image frames. The specific matching strategy is as follows:
The structural feature values corresponding to continuous image frames | and J are converted to the
world coordinate system. When the 8 between the main direction of I and J is less than 6°, the
matching is considered successful. If the matching fails, the relative rotation between image frames |
and J is calculated using pre-integration, and the structural feature values in image frame | are
converted to image frame J for re-matching.

3. INITIALIZATION OF MONOCULAR CAMERA - IMU
3.1. Initialization of the Rotation

According to the constraint relationship between monocular camera and IMU, extracting two aligned
rotation sequences can obtain constant relative rotation. For monocular cameras, the rotation

increment Rg,';ﬂ between two images can be calculated based on RANSAC's classic five-point

method. At the same time, the relative rotatioanIj’lz+1 in the IMU coordinate system can be obtained
by integrating the angular velocity measured by the IMU gyroscope

Ror,, RS = R ReY,,. @
The quaternion expression of formula (1) is
" ®qt = q2®qck, . (2)
Obtained by (2)
|01 (a5%,, ) — 02(ac, )] - a2 = Qkia - a2 = 0. 3)
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0.(q) = [Qw13 + lgxyz x| qXYZ]

—(xyz 9o (4)
_[qwlz + laxyz X| qxvz
0,(q) = _
qxvz 9w

Where, the matricesQ,(q). Q,(q)are left and right multiplications of quaternions respectively,
lgxyz X| is the partial symmetric matrix of the first three elements gy, of the quaternions, and ®
is the operator of four-element multiplication.

For the rotation increments between successive images, a linear overdetermined equation can be
constructed as

0
w; * Q1

1,1

N-1, AN-1
Wy N

Where N is the minimum number of images required when the rotation matrix calibration is complete.
In order to eliminate outliers in the rotation increment estimated by the five-point method, a weight
w¥,, is introduced. The rotation increment Rj estimated by the camera IMU is taken as the initial
value and iteratively calculated with the incoming measurement value. Then the residual is weighted
by the Huber norm, and the residual rotation matrix is represented by the angular norm of the angular
axis

=1 bt . ¢
. <tr(Rf, Rb:+1 Rchl’§+1>—1>
T, = acos - : (6)
definition of weight is
L1 <t
K
W = 0 . 7
k+1 —, others ™)
Tk+1

Where t, is a fixed threshold, and the solution of the linear overdetermined equation is the right
singular vector corresponding to the minimum singular value of Q,. When the camera IMU system
obtains enough rotation excitation, it indicates that the calibration work is successful, that is, a high-
precision rotation increment R? is obtained, and the null space of @, is one-dimensional. Therefore,
in order to judge the convergence of the camera IMU rotation calibration algorithm, the second small
singular value g*"? of Q, is used as the evaluation index. The calibration process is terminated
when the singular threshold is ¢ < of#"2.
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3.2. Initialization of Scale, Gravity, Translation

After the initialization of the monocular camera-IMU rotation, the scale s of the monocular camera,
the gravity vector g* of the accelerometer, and the translation P; between the monocular camera
and the IMU can be further initialized. Since the bias and estimated value of the gyroscope are
corrected during the pre-integration, it can be assumed that the gyroscope bias is a constant value,
and ]f,3 = 0, J,; = 0. According to the spatial conversion relationship between the camera and the
IMU, the position relationship of two consecutive keyframes can be obtained

.DW
S PCk+1_

1 S
S* P+ VY Aty + 5 %A ey + RY, - RY -AB* — (R, —RY)PE. (8)

Ck+1

Since the zero bias of the accelerometer is not considered at this stage, s, g%, P; can be estimated
by taking Ry, = RY, - Rj.
In order to converge the iterative solution, the parameters can avoid too much mutual interference.

For N velocity terms v, generated by N keyframes, two constraint relations of three consecutive
keyframes can be used to construct a linear equation set

S
gW
P

[2@) B )] =Y. 9)

Define key frames i, i + 1,and i+ 2 as 1, 2, and 3 respectively

( A = (PY — PY)Atys — (PY — PY)Aty,
1
B(i) = > (At1pAt55 + AtZ,At3) I3y

@) = (RY — RY)Aty; — (RY — RY)Aty;
\Y(i) = R¥REAB, Atys — RYREAP,? Aty, — RY REAT, Aty Aty

(10)

For N consecutive keyframes, a linear constrained system of 3(N — 2) equations with 7 unknowns
can be generated

A3(N—2)><7 " X7x1 = Bs(N—z)x1- (11)

In the above formula, at least 5 key frames are needed to solve the scale §, the gravity vector g*,
and the translation vector P¢ using the SVD (singular value decomposition) method.
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4. ONLINE CALIBRATION OF MONOCULAR CAMERA-IMU
4.1. Reprojection Error of Line Segment

The external parameters obtained during initialization inevitably have errors. Therefore, after
obtaining the initial values of the external parameters of the camera and IMU, a cost function needs
to be constructed to optimize the external parameters online, and finally converge to a set of external
parameters that meet the maximum likelihood estimation.

1 2
E = argmmE(Z”epn +2|Iel||2). (12)

Where e, is the reprojection error of the point feature, and e, is the reprojection error of the line
feature.

4.2. The Jacobian Matrix of Reprojection Error

It is considered that the extremum of the cost function cannot be obtained directly by the general
derivation method, and the optimal solution of the cost function is equivalent to the maximum
likelihood estimation of the state quantity. Therefore, it is necessary to take the derivative of each
state quantity and deduce the Jacobian matrix of each state quantity. For the reprojection error of
characteristic points, there is

f;c 0 fxxC
de 7. 72
L= ¢ . (13)
P o b _hye
Zc 72
Reprojection error for feature lines
-ull% - lllzvl - lllZ Ull% - l1l2u1 - l2l3 1
3 3 1
oo _| @+ G+ Gy (14)
al’ B ull% - lllzvz - lll3 vllg - lllzvz - l2l3 1 '
3 3 1
i +13)? 3 +15)3? (F +13)2]

Where, (uq,v,), (u,, v,) are the endpoint coordinates of the characteristic line segment.

In order to optimize the external parameters between the camera and the IMU, according to the pose
constraints between the camera and the IMU, there are

-1
PE = RERY (PY —p¥) + p§. (15)
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Assume that the translation vector of the monocular camera and the external parameter of the IMU
has an attitude increment §p

PE(8p) = RGRY " (P — p¥) + p§ + RS6p = PE + RS6p. (16)

Therefore, according to the chain rule, the Jacobian matrix of the reprojection error e, of the feature
points with respect to the pose increment &p of the translation vector of the camera IMU external
parameter is

E 0 _fxxC
Oepi _ Depy aP¢ |z Z2 RC 17
06P — 9pf 98P | fve|” an
Zc. 22

Similarly, assume that the rotation matrix of the camera IMU external parameter has a rotation
increment 56

P (86) = REExp(86)RY ™ (P — pi) + pf. (18)
The above formula is processed
P{ (60) = Exp(RESOIRERY ™ (P — pi) + b (19)
To approximate Exp(R5686), there is
Exp(RS66) ~ (I + (R580)™) = RSRY ™" + (RS5O (20)

Substitute the formula (88) into the formula (87) to get

_ A
PE(86) = p§ — [RSRY ' (PY — Y] RS66. (21)

Therefore, according to the chain rule, the Jacobian matrix of the reprojection error e, of the feature
points with respect to the rotation matrix §6 of the camera IMU external parameter is

de de,, 0P¢ |z 72 ) .
Dk pk k ¢ c CpWlipWw _ W c
056 — opf 366 | fy _fc [RERE (P’ — pE)] R (22)
Zc Z2
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Based on the line segment parameterization, the Jacobian matrix of the reprojection error e, of the
feature line with respect to the pose increment §p of the external parameter translation vector of
monocular IMU can be easily written

ael’k _ ael‘k al, _
a6P 9l dsP

3 3 1
(12 + 12)2 @+ @+,
, , RS. (23)
3 3 1
| @2+2)2 (12 + 1)z @2 + 122

Similarly, the Jacobian matrix for the reprojection error e of the feature line with respect to the
pose increment 66 of the monocular IMU external parameter rotation matrix is

ael_k _ ael_k al’ _
960 Al 960

u ls — LilLv, — L, vl —1LLu — Ll 1
2 + 1)z @+22 @+
w2 — L, — Ll vl5 =1Ly, — Ll 1
2 +13)2 @B+12)2 @By
[RSRY ™ (PY — )] "RE60. (24)

5. EXPERIMENTAL VERIFICATION

5.1. Experimental Specification

The EuRoC [13] data set is a UAV as a carrier platform, carrying a binocular camera and an IMU
flight measurement, which can provide kalibr tools to calibrate the external parameters between the
monocular camera and the IMU. The EuRoC dataset consists of 11 data series, which are classified
as easy, medium, and difficult based on drone flight speed, light, and environmental texture
characteristics. The sampling frequency of binocular camera and IMU is 20 Hz and 200 Hz
respectively, and time synchronization is realized by hardware. All the experiments are carried out
with an Intel CPU i7-11800H laptop computer with 8GB RAM. Since the object of the study is to
calibrate the external parameters between monocular camera and IMU online, only one set of images
are taken out for experiment in this paper.

5.2. Experimental Analysis

First, this paper calibrates V2_01_easy sequence in EuRoC data set. The calibration results of
V2_01 easy sequence by kalibr tool are shown in Table 1 as reference values.
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Table 1. Calibrated Result by Kalibr

Rotation (degree) Translation (m)

yaw pitch roll X y z
V2 01 €3y 39147953 1476930 0215286 -0.021640 -0.064677  0.00981

Figure 2 shows the calibration results of the rotation estimation between the monocular camera and
the IMU.

104 [ 3 1 16 I ) | 16 f B 1
—— Reference value| ' —— Reference value ' —— Reference value

Ours | | OQurs | | OQurs

96 -

o
T

yaw (degree)
T
|

pitch (degree)
roll (degree)

time (s) time (s) time (s)

Figure 2. Rotation Initialization Result

As can be seen from Figure 2, for the visual inertial system without any prior conditions and relying
only on motion excitation, the convergence time of the calibrated rotation matrix is linearly related
to the eigenvalues. When sufficient eigenvalues are obtained, the rotation estimation is basically
consistent with the reference value, and the convergence time is about 20s. Figure 3-5 shows the
calibration results of translation vector, camera scale, and gravity vector between monocular camera
and IMU.

0.2 . 0.2r . 0.2r "
Reference value) Reference value — Reference
Ours Ours Ours
0.1F 0lF 0.1rF
= = E
= 0.0 ~ 0.0F ~ 0.0
B e e o =
0.1 01F 0.1 F
0.2 0.2 L 0.2
0 5 10 15 20 0 ) 10 15 20 0 5 10 15 20
time (s) time (s) time (s)

Figure 3. Translation Initialization Result

0 1 1 1 1 I 1
0 5 10 15 20 25 30

time (g)

Figure 4. Scale Initialization Result
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Figure 5. Gravity Initialization Result

As can be seen from Figure 3, the convergence time of translation estimation is about 10s, and there
is a large error between the estimated value and the reference value.

In this paper, the estimated value of each state calibrated by the VINS-mono algorithm is taken as the
ratio to verify the feasibility of the proposed algorithm. The VMS-MONO algorithm firstly initializes
the rotation and translation parameters linearly, and then introduces the zero bias of accelerometer
and gyroscope to optimize all state variables. On the basis of V2_01 easy sequence, 10 calibration
experiments have been carried out for both the proposed algorithm and the VINS-mono algorithm,
and the calibration results are shown in Figure 6.

91 i -
n — Reference value 10 Reference value
9 o Ours 9k o s o Ours
Y2 = VINS-mono z = E z =V IAS—mono
o = 1F = ~ 6
Eoo1 F ) [
b < _:L
Zoon Z or T ar
emr i E-r g £y !
<88k - Reference valuel = H g
[ [ ) = 4
S 27l = Qurs ZOF 2]
8T [ o =
/= gL % VINS-mono = L
86 - . 2
85 4 4
VAW pitch roll
0.0 —— Reference value D061 Reference value 004
0.06 F o Ours 0.04 1 o Qurs =
= ®  YINS-mono —~ 002 - ® Y INS-mono = u.02 = 8 @
= 0.04 1 = 0.00 - = 5 #
a o e o L g
S o002 &0 g .00 E g
e 50,01 g = e
— 0.00 F ] = L ] = _a.02 b
é o g % P:00 E = é 002 Reference value
£ .0 o g E ~0.08 £ Ours
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Figure 6. Consistency Analysis of Different Methods

As can be seen from Figure 6, for the rotation external parameter calibration of monocular camera
and IMU, the variation trend of rotation external parameter solved by the proposed algorithm is
basically consistent with that of the VINS-mono algorithm. Because the influence of zero bias of
gyroscope is not taken into account, the calibration reference value of external rotation participation
has a greater degree of dispersion. In the process of calibration of translational external parameters,
the zero deviation of gyroscope is calibrated, so a good calibration accuracy of translational external
parameters can be obtained. Finally, the online estimation of external parameters in this paper
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achieves a high precision, and the estimation error of rotational external parameters is within 0.8
degree, and that of translational external parameters is within 0.04m.

VINS-mono algorithm can obtain good estimation accuracy without any prior knowledge, so this
paper uses various accuracy indexes estimated by VINS-mono algorithm as reference values to verify
the feasibility of the proposed method. Table 2 shows the rotation direction error, translation error
and RMSE ( root mean square error) of the keyframe trajectory of the three sequences in the EuRoC
data set. All experimental results are the average of 5 runs, and loop detection and global nonlinear
optimization are not used. The ideal scale factor is obtained by measuring the alignment of the
estimated keyframe trajectory to the most suitable real trajectory. The scale factor error can be defined
as |s* —$§|/]8] x 100%.

Table 2. Extrinsic Calibration Error

ours VINS-
mono
Rotation Error (degree)  Translation Error (m) RMSE  Scale ~ RMSE
) (m) Error (m)

yaw pitch  roll X y z (%)
Vela—sgl 0312 -0267 0088 -0008 -0.034 0025 0064 13 0070
Veza—sgl 0304 -0054 -0076 -0014 0033 0065 0072 15 0068
'Ve”;ggl 0072 0600 0031 -0043 0015 0021 0050 056  0.135

As can be seen from Table 2, the RMSE error of the method in this paper is basically consistent with
that of VINS-mono when unknown external parameters also exist. In MH_01 easy, the proposed
method shows more accurate performance. The analysis shows that the scene structure of
MH_01 easy basically conforms to the triorthogonality of Manhattan world hypothesis, and adding
the prior knowledge of global constraints can further improve the accuracy of the system. In the two
scenarios V1 01 easy and V2_01 easy, the precision of keyframe pose estimated by the sliding
window strategy in the nonlinear optimization of VINS-mono is slightly lower than that estimated by
the proposed method, and the estimated external parameter results of the proposed method are more
reasonable. According to the analysis, in the face of the environment without significant structural
features, the structural features constructed by the parameter threshold can provide more constraints,
and the local constraint relationship still plays a key role in maintaining the robustness of the system.
The data in the table again show that the proposed method can accurately calibrate the external
parameters between the monocular camera and the IMU, and the error of the rotating external
parameters is up to 0.6 degree, and the error of the translating external parameters is up to 0.07 m.

6. CONCLUSION

In order to improve the positioning accuracy and stability of the visual inertial system in the natural
environment, this paper proposes an online calibration method with external parameters constrained
by the characteristics of natural environment. The effectiveness, accuracy and robustness of the
proposed method are tested on EuRoC data set. Experiments show that the proposed method can
improve the on-line calibration accuracy and stability of visual inertia system without any mechanical
configuration parameters, and can meet the basic application requirements of long-term operation of
visual inertia system in indoor and outdoor environment.
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